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To gain a better understanding of the impact of parking spaces on traffic 
congestion, road infrastructure, time spent searching for parking and ultimately CO2 
emissions, several parking surveys have been undertaken. Traditionally these surveys 
were performed by individuals manually logging parking lot information, thus limiting 
spatial and temporal coverage due to high labor costs. As a result, the need for 
automating the data collection process for open parking spaces is paramount when one 
starts looking into using parking lot information in real-time applications and across a 
large area such as a city, state, or even an entire country. Some studies have investigated 
this automation process by installing ultrasonic sensors, 2D LIDARs, vision sensors, 
parking lot cameras, or sensors for individual parking spots in a lot. Most of these 
methods generated promising results, but were either expensive or not suitable for real-
time processing.  
This thesis describes an affordable method to detect parking spots in real-time by 
installing a low cost, off-the-shelf laser range sensor onto a probe vehicle. Several 
algorithms will investigate the effect of having a stationary sensor and enabling a vertical 
motion of the sensor, with hopes of obtaining 3D images of a parking lot. The 
experiments are conducted at different speeds and for different parking configurations, in 
normal and adverse weather conditions. The results were compared to onboard ground 
truth camera recordings of the experiments. Statistical analyses were also performed to 
determine how effective a laser range sensor is in mapping a parking lot in one run, and 




Results show that the stationary laser range sensor maps parking spots with high 
accuracy, successfully generating 2D and 3D layouts of the parking configuration. 
Moreover, it has been shown that the sensor’s accuracy does not diminish for adverse 
weather conditions. The vertical motion of the sensor on the other hand helps with 









1.1 Effect of Time Wasted Looking For Parking on Traffic Congestion 
 
An urban mobility report published by the Texas A&M Transportation Institute 
estimates that $121 billion dollars were lost in the United States in 2011 because of 
traffic congestion. This was mainly due to 2.9 billion gallons of wasted fuel, and 5.5 
billion lost man-hours. Moreover, the study shows how congestion costs are increasing as 
the years go on: the cost of lost time and wasted fuel added up to $24 billion in 1982, $94 
billion in 2000, and rose up to $121 billion in 2011 (Schrank, Eisele, & Lomax, 2012). 
Another study by Shoup observed parking activities in a business district in Los 
Angeles. He found that over the course of a year, motorists searching for parking burned 
47,000 gallons of gasoline, emitted 730 tons of CO2, and covered a distance of 38 trips 
around the globe (Shoup, 2006). One could imagine that scaling these numbers to match 
the whole world instead of a small district in LA would generate worrisome data.  
Similarly, as Ono et al. explain, traffic congestion is increased because of parked 
cars on the side of the road. That is why they believe road administrators would be 
interested in measuring the actual effect of parked vehicles. The authors also claim that 
traffic congestion would decrease if a percentage of these parked cars can be decreased 





1.2 The Need for Gathering Parking Spot Information 
 
The issue with parking and its negative impact on congestion is not because of the 
lack of parking spots, but rather due to insufficient information regarding these spots. 
This information can range from GPS data, time range availability, and cost. A number 
of papers explore the different solutions to this lack of parking spot information. These 
solutions include using ultrasonics currently installed on vehicles, or vision sensors, 
algorithms and models, wireless sensor networks, and anisotropic magnetoresistive 
sensors. Additionally, other papers examine current LIDAR sensor technologies being 
actively researched. In (Ono, Kagesawa, & Ikeuchi, 2002) a laser sensor is installed to 
generate a geometric model of a town, while Thornton et al. install a 2D LIDAR onto a 
probe vehicle and attempt to generate a 3D point cloud representation of parked cars on 
the side of the road (Thornton, Redmill, & Coifman, 2014). 
Figure 1 below shows how parking spot information can be obtained. A sensor 
vehicle (Car A) should scan a parking lot for available parking spots as it is leaving or 
driving by the lot (Steps 1 to 3). Parking availability data is transferred to a central server, 
where it is analyzed (Step 4), and then forwarded to a separate vehicle (Step 5) about to 
start looking for parking (Car B). Using this data, the second vehicle (Car B) can find a 
parking spot more efficiently. This loop is repeated for each vehicle leaving or driving by 





Figure 1: Gathering parking spot information 
 
1.3 Thesis Organization  
 
In this thesis, we will inspect the different methods proposed by researchers and 
engineers, and examine some efforts to combine different technologies in order to 
successfully map parking lots. Furthermore, the accuracy and applicability of these 
technologies for parking spot detection will be compared.   
A new parking detection system using an affordable off-the-shelf laser range 




technologies being actively researched? This thesis will attempt to answer some 
questions that would help evaluate the system’s accuracy, applicability in today’s car 
industry, and limitations: Is the system’s efficiency limited by a high market price, or 
could it replace current sensor setups used in production vehicles? Would the sensor be 
affected by inclement weather, or can it maintain a high accuracy regardless of outside 
conditions? Can the sensor be used for other applications, and is there a way to enhance 
the current available technology? 
In Chapter 2, a general overview of the available literature will be presented, 
giving a brief description of the different sensor systems available. Previous laser 
technologies developed for different applications will also be discussed, along with 
hybrid innovations utilizing a combination of sensors and algorithms. A description of an 
ideal parking sensing system will be given in Chapter 3. Moreover, this chapter will 
focus on detailing the laser range sensor system researched, reviewing the general setup 
along with the hardware used and algorithms employed. Chapter 4 will go over the 
experimental setup and additional experiments performed, whereas the results of the 
experiments will be discussed in Chapter 5. Finally, the cost of installation, applicability 








LITERATURE REVIEW  
 
 
2.1 Available Parking Applications and Testing with Other Sensors 
 
With an increasing demand for parking availability and assistance, applications 
and technologies have been developed to facilitate parking-related activities. These 
advancements can range from existing “apps” purchasable on mobile devices to sensor 
technologies installed for various parking sensing requirements.   
 
2.1.1 Parking Applications and Tools to Facilitate the Parking Experience 
 
Some mobile parking applications are available to the public. These “apps” such 
as “Parker”, “ParkME”, and “BestParking” usually rely on individual sensors installed 
for each specific parking spot in garages and outside metered parking lots. They may also 
rely on parking models, which predict parking availability based on historical data, 
statistical analysis, and prediction algorithms (Klappenecker, Lee, & Welch, 2014).While 
these “apps” vigorously market their accuracy and precision when it comes to parking 
prediction, expanding the applications’ geographical reach requires implementing sensors 
to individual parking garages and budget a city’s plan that will allow for these sensors to 
be installed. In the City Council Report of Santa Monica in 2011, 6100 parking meters 
fitted with ground sensors were installed throughout the city, for a total cost of 




(Decavalles-Hughes & Ching, 2011). This would equate to a staggering $838.03 per 
parking spot ($737.7 without maintenance costs).  
 To evaluate the efficiency of such systems, a simple example can be considered:  
The U.S. Department of Transportation states that each driver is on the road for 
an average of 13,476 miles per year (Federal Highway Administration, 2015). That 
equates to about 37 miles a day. Let us assume that only 1 mile out of the 37 miles driven 
covers some parallel street parking. Since each parallel parking spot has a length of 
about 24 feet (4.54 * 10
-3
 miles), then each car drives past about 220 spots a day. If 
probe cars were fitted with adequate parking spotter sensors, we would theoretically 
need 28 cars to cover the 6100 spaces fitted with parking meters in Santa Monica.  
Santa Monica is about 15.9 mi
2
. Assuming 1/4th of that area is allocated for 
parking (3.975 mi
2
). A standard parking spot covers 162 ft
2





. Thus there would be about 684,082 parking spots in total in Santa Monica. 
The above-mentioned budget of $4,500,000 therefore only covers 0.89% of all parking 
spots.  On the other hand, we would need about 3109 cars fitted with parking spotter 
sensors to cover the 684,082 total spots (assuming no two cars drive past the same 
parking spot). To ensure a maximum efficiency, 5000 vehicles can be considered instead. 
If each probe car is fitted with 2 $150 sensors, then the total budget to map all the 
parking spots of Santa Monica would be about $1,400,850. 
The occupancy of parking spots throughout the entire city of Santa Monica can 
therefore be accurately determined with only a third of the city’s Parking budget 




In that case, a fleet of vehicles equipped with accurate parking spotter sensors and 
communicating with a server should be deployed. Compared to fitting individual spots 
with sensors, this method is much more cost effective, efficient, and easier to implement.  
 
2.1.2 Ultrasonic Sensors 
 
2.1.2.1 Overview of Ultrasonic Sensors  
 
Today’s vehicles are equipped with various hi-tech sensors to measure several car 
properties and environmental factors. For instance, the most common types of sensors are 
speed/timing sensors (registering engine speed among other timing properties), position 
sensors (used for steering wheel angle and engine throttle plate angle), temperature 
sensors (to retrieve coolant, engine, fuel, and environment temperatures), and pressure 
sensors (Fleming, 2008).  
Recently, car manufacturers began implementing ultrasonic sensors to detect 
obstacles while backing up or driving at low speeds, as well as offer parking assist 
functions to drivers. While these sensors are convenient for low speed applications and 
large object detection (other vehicles), their efficiency is questionable since frequencies 
are typically low (around 50 Hz), with a limited range (2-4 m), and might be affected by 
severe weather conditions (Fleming, 2008). Moreover, because of their limited angular 
coverage, several ultrasonic sensors need to be implemented on each side of a car, as seen 





Figure 2: Installing several ultrasonic sensors on the latest cars. The arcs represent the ultrasonic sensors and 
their reach (Kohler, Connette, & Verl, 2013)  
 
Park et al. explain that the ultrasonic beam width (± θ0) is usually uncertain: this 
would result in an object’s width being represented larger than it actually is. If an empty 
parking spot is surrounded by parked vehicles on both sides, or limited by a beam 
structure (indoor garage), then these objects’ width would be measured to be greater than 
they are. Empty parking spaces are therefore measured to be narrower than they are 
(Figure 3). This issue can be resolved by increasing the center frequency fr (mean of the 






Equation 1: Ultrasonic beam width calculation (Park, Kim, Seo, Kim , & Lee, 2008) 
 
λ = c fr⁄
  




Consequently, as the center frequency fr increases, the wavelength (λ) decreases, 
resulting in a smaller beam width θ0. On the other hand, a reduced θ0 would decrease the 
incidence angle, producing an ultrasonic beam with multiple paths, possibly leading to 
measurement errors (Park, Kim, Seo, Kim , & Lee, 2008).  
 
Figure 3: Ultrasonic beam width uncertainty, measuring a narrower empty parking spot 
 
The authors proceed to evaluate ultrasound sensors, utilizing multiple echoes to 
build more accurate parking maps. Moreover, they suggest using a diagonal sensor since 
it provides the benefit of mapping the side of parking spots. 
Using the Time of Flight (TOF) method, Park et al. explain how the distance R from a 








Equation 3: Calculating the distance from the vehicle 
   
In Equation 3, c is the speed of sound, and to is the time it took for the echo to be 
sent out from the sensor and received. The same method can also be used when installing 
multiple sensors (Park, Kim, Seo, Kim , & Lee, 2008).  
In Figure 4, Park et al. try to estimate the shape of the surface detected by the 
ultrasonics. Their method is simple: the ultrasonic sensors can either identify a plane or 
an edge. As seen in Figure 4.a, if the difference between the distances retrieved from 
echo2 and echo1 is smaller than a certain threshold, then the surface is a plane. 
Otherwise, the surface is an edge. This method works well for sharp edges, but the 
rounded edges of cars are problematic. Figure 4.e and Figure 4.f show how the edge 
surface is estimated to be a plane since the aforementioned distance difference is smaller 





Figure 4: Classification of surface shape for right angle edge side and rounded edge sides (Park, Kim, Seo, Kim , 
& Lee, 2008) 
 
What if there is a scenario where the actual ultrasonic sensors currently installed 
on vehicles are faulty and not operating correctly? Abdel-Hafez et al. worked on 
implementing a “fault detection and identification (FDI) routine” to evaluate the 
reliability of a car’s ultrasonic sensors. The authors generate a list of possible errors that 
might occur, and the probability of each hypothesis is updated as sensor data is retrieved. 
As the probability of the hypotheses is updated, the correct hypothesis is identified when 





As seen in Figure 5, the authors set up 4 ultrasonic sensors, each having a 
frequency of 40 kHz, and range of 0.03-3 m on the side of a robot. The first setup shows 
the sensors aligned vertically (Figure 5.a), whereas the robot was angled for the second 
setup (Figure 5.b).  
 
Figure 5: Experimental (a) Setups A, and (b) B (Abdel-Hafez, Al Nabulsi, Jafari, Al Zaabi, Sleiman, & 
AbuHatab, 2011) 
 
On each sensor, faults of 10, 5, 0, -5 and -10 cm were hypothesized. It was also 
assumed that only one sensor will be faulty at a given time. The algorithm Abdel-Hafez 
et al. generated assumes all 21 hypotheses to have an equal probability. As data is 
gathered, each hypothesis’s probability is updated. A fault is signaled as a probability 
approaches a value of 1, signaling a correct hypothesis is identified.  
The authors began by performing tests to ensure that the algorithm is working 
properly: since no faults were introduced, a probability of 1 should be computed for the 




the algorithm for the first case where the robot is not angled, having a 10 cm bias for 
sensor 2. Throughout their experiments, the algorithm correctly detects the bias as the 
probability that the hypothesis is correct converges to 1. Abdel-Hafez et al.’s system also 
checks the probability associated with a no fault hypothesis and with a 10 cm bias on 
sensor 1. It was determined that the probability converges to 0, indicating a wrongful 
hypothesis is detected (Abdel-Hafez, Al Nabulsi, Jafari, Al Zaabi, Sleiman, & AbuHatab, 
2011).  
The algorithm was then tested for the inclined robot, with a 10 cm bias induced 
for sensor 2. The authors notice that the probabilities associated with a no fault 
hypothesis and a -10 cm bias on sensor 3 converge to 0. However the probability 
associated with a 10 cm bias on sensor 2 converges to 1, proving that the algorithm again 
works in this situation.  
This FDI algorithm correctly identifies sensor faults, and is essential for vehicle 
ultrasonic sensor applications (Abdel-Hafez, Al Nabulsi, Jafari, Al Zaabi, Sleiman, & 
AbuHatab, 2011).  
 
2.1.2.2 Experimental Implementation of Ultrasonic Sensors  
 
“ParkNet” is a mobile system which provides parking lot information based on 
probe cars that collect and transmit information while driving by parking spots. To 
determine parking spot availability, a side mounted ultrasonic sensor and GPS receiver 
are used in parallel. The gathered information is then sent to a central server that provides 




The authors emphasize the benefits of installing the sensors on government 
vehicles or taxi. Their system consists of an ultrasonic sensor attached to the side of a 
probe vehicle, consistently retrieving the distance from the sensor and reporting GPS 
position to a mobile system. The collected information is linked together through 
environmental fingerprinting, which uses landmarks to correctly identify the GPS data. 
Mathur et al. explain that the price savings occur because they assume that the status of 
parking spots does not vary greatly with time; hence continuous sensing from pavement 
installed sensors is highly unnecessary (Mathur, et al., 2010).   
Experimentally, the authors show through 500 miles of driving over 2 months that 
parking spots are identified correctly 95% of the time and parking lots are mapped with 
90% accuracy. Future plans are also made for implementing ParkNet in a city such as 
San Francisco: by monitoring 500 taxicabs using GPS, Mathur et al. show that installing 
ParkNet systems would be 10 to 15 times more cost effective than having individual 
sensors for every parking spot (Mathur, et al., 2010). This falls in line with the Santa 
Monica example taken in Chapter 2.1.1. 
Mathur et al. explain that parking information regarding lots can be easily 
obtained from parking gate operators. However information about roadside parking 
proves much more difficult since an efficient sensing system has not been installed yet. 
Eventual implementation of such systems would allow concerned government agencies 
to correctly place and price parking meters, and better manage traffic congestion. 
As explained previously, sensors have already been installed in asphalt to monitor 




of parking spots, costing several million dollars. While this solution may work in the 
short term, its drawbacks outweigh the advantages: these projects usually have extremely 
high costs, parking availability can only be determined for sensor-fitted spots, wireless 
relay nodes need to be installed on public property, and high maintenance costs need to 
be accounted for.  
The authors also explore the previously mentioned idea of modifying ultrasonic 
sensors already installed on cars to report vacant or closed parking spots.  
Some of the design objectives and necessities that this type of project requires are: 
finding low cost sensors, anticipating a low vehicle participation rate, being able to 
identify parking spot orientation based on collected data, and eventually wirelessly send 
out data to main servers (Figure 6). Mathur et al. also believe this data can assist parking 
enforcement.  
 
Figure 6: A diagram depicting the various scenarios and events involved in the detection of parking space using 





The vision is that several vehicles equipped with these sensors could transmit data 
to a server using a cellular or Wi-Fi network. This data could be used to generate parking 
layout maps and inform customers of available parking spots. 
The authors explain that they chose ultrasonic sensors because of their cheap 
price, higher efficiency in the nighttime, and their extensive use in the automotive 
market. The sensors were mounted on the passenger side of cars, and a camera was 
installed as a ground truth source. The sensors emitted sound waves every 50 ms, with a 
maximum range of 6.5 m. The data is then combined with GPS data and analyzed by 
probabilistic detection algorithms, as seen in Figure 7 and Figure 8 (Mathur, et al., 2010).  
 
 





Figure 8: (a) An image of the ultrasonic sensor side-mounted on a car (b) the java applet used for recording 
ground truth from images. (c) The map of the data collection area (Mathur, et al., 2010) 
 
This system was tested on 3 probe cars, collecting data for over 2 months around 
a parking lot in New Jersey. For that period of time, around 500 miles of data was 
gathered. Mathur et al. note that the data collection process was not altered in any way, 
thus drivers had no control over the ultrasonic sensor data. Also, ground truth 
information was obtained by attaching a gaming webcam, and ultrasonic data was 
compared to that information. 
The GPS is used to set up boundaries for the testing application: if the probe car 
enters a virtual box bounded by GPS coordinates, the application is launched and the data 
collection process is started. On the other hand, if the probe car leaves this bounding box, 
the application is stopped.  
The authors’ detection algorithm is similar to the one explored later in this thesis 
(Chapter 3.3.3). Figure 9 shows typical ultrasonic readings detecting two cars parked far 






Figure 9: Dips in the sensor reading as a sensing vehicle drives past (a) two parked cars with some space 
between them, and (b) two very closely spaced parked cars (Mathur, et al., 2010) 
 
In (Mathur, et al., 2010), some major drawbacks of the ultrasonic sensors are 
pointed out: ultrasonic sensors emit sound waves with a wide range of detection. That is 
why some tight spaces between cars might not be picked up, as seen in Figure 9.b and 
explained in Chapter 2.1.2.1. The sensor might therefore detect objects that are not 
aligned but angled with respect to the sensor.  Some of the other system limitations that 
the authors mention are: the sensor’s power source, which added noise to the sensor data. 
The tougher detection of parking spots on a multilane road was also discussed, but 
Thornton et al.’s paper explored the method of detecting vehicles on a multiple lane road 
using an occlusion method (Thornton, Redmill, & Coifman, 2014). Moreover, the probe 
car’s speed used in (Mathur, et al., 2010) needed to be limited to 33 mph: the frequency 
of the ultrasonic sensor might not be high enough to detected parked vehicles at high 






2.1.3 Vision Sensors 
 
More complex sensors can also be used to locate parking spots and determine 
their availability. Vision sensors for example, which require accurate camera footage, can 
be installed onto a probe car to study its surroundings (Son, Kim, & Sohn, 2015), 
(Makris, Perrollaz, & Laugier, 2013).  
Son et al. explain that localization can be performed using multiple vision 
sensors, necessary for any autonomous driving applications (Son, Kim, & Sohn, 2015). 
Makris et al. go over an object class recognition method in their paper, which consists of 
combining image feature detection and depth information to create a probabilistic model 
of locating a car at a given distance (Makris, Perrollaz, & Laugier, 2013).  By running the 
experiment in an urban environment, and integrating the two information types, the 
authors manage to improve the efficiency of using vision sensors. 
Both papers explain that multiple issues may arise when using said sensors: large 
variations in illuminations, viewpoint variations, partial occlusions, unintentional sensor 
displacement, background noise and most importantly, large computational complexity 
(Son, Kim, & Sohn, 2015), (Makris, Perrollaz, & Laugier, 2013). 
 
2.1.4 Anisotropic Magnetoresistive (AMR) Sensors 
 
Zhang et al.'s paper looks into using anisotropic magnetoresistive (AMR) sensors 
to develop new algorithms for detecting parking occupancy. After explaining the logic 




installed over spots in a parking lot and solar powered routers to transmit data were then 
attached to light poles (Figure 10). After continuously running all 82 sensors for 6 
months, Zhang et al. noted an accuracy of about 98% (Zhang, Tao, & Yuan, 2014).  
 
Figure 10: Devices installed in roadside parking spaces. (a) Sensor nodes, (b) Router (Zhang, Tao, & Yuan, 
2014) 
 
Previous studies have been conducted on AMR sensors which also showed highly 
accurate results: 99% accuracy for vehicle detection, and 90% accuracy for vehicle length 
and speed estimation. Other practical uses for AMR sensors have also been explored, 
mainly vehicle position estimation by change in the magnetic as the car drives away from 
the sensor.  
As Zhang et al. explain, wireless AMR sensors are characterized by their low cost 
and power requirements, high accuracy, and small size. To measure the geomagnetic 




parking activity is divided into 3 steps: entering, parking and exiting. As seen in Figure 
11, the magnetic field is stable before the car approaches, disturbed as the car enters and 
leaves, and is stable but detects a stable disturbance as the car is parked (Zhang, Tao, & 
Yuan, 2014).  
 
Figure 11: Three axes magnetic signature of a parking space (Zhang, Tao, & Yuan, 2014) 
 
Some drawbacks from this method are also highlighted in the paper: in low 
Signal-Noise-Ratio (SNR), there is no real way of distinguishing between interference 
noise and a parking vehicle. Furthermore, different parking spots have varying 
geomagnetic fields. This makes selecting a certain uniform threshold for this application 
erroneous. These facts, coupled with the low success rate of analyzing the wave patterns 




Some sensors are commercially available such as the SENSIT system, which uses 
infrared and magnetic sensors, with accuracy close to 100%. These systems require 
individual sensors to be installed for each parking spot. As seen in Chapter 2.1, these 
setups are not cost effective. Zhang et al.’s paper focuses on two main criteria not 
explored previously: proposing a new algorithm for vehicle detection based on analyzing 
the characteristics of the geomagnetic signal disturbance. This method should be immune 
to interference signals. The authors also looked into the interval when a car leaves a 
parking spot, which should have the inverse signal signature of a car entering a parking 
spot (Zhang, Tao, & Yuan, 2014).  
Figure 12 shows a graphical client interface where customers can see the status of 
the parking lot and locate which spot is vacant (green spots). This figure also shows the 
wireless network set up between sensors and servers. To verify the validity of the entire 
set up, the experiment was run for 6 consecutive months and was found to have an 





Figure 12: Depictions of the management system. (a) Sensor nodes installed in parking spots. (b) Topology of the 
network (Zhang, Tao, & Yuan, 2014) 
 
The system seems very accurate and applicable to parking lots. It is nevertheless 
important to note that, as highlighted before, this type of setup necessitates installing 







2.1.5 Using Models to Predict Parking Spot Occupancy 
 
Klappenecker et al. devise a method for predicting the number of free parking 
spaces by modeling a lot using a continuous Markov chain, following Caliskan, Barthels, 
Scheurmann and Mauve. Through a Vehicular Ad Hoc Network (VANET), information 
about the parking lot such as capacity, parking rate, occupied spaces, and vehicle 
arrival/departure is obtained. This entails using fewer sensors than sensors for individual 
parking spots, then transmitting the data through a vehicular ad hoc network or a mobile 
cellular network. The advantage of Klappenecker et al.’s method is utilizing a vehicle’s 
navigation system to compute the probability of an available parking spot as the car 
enters the lot (Klappenecker, Lee, & Welch, 2014).  
Since the information provided is historical, the question becomes: how to predict 
the availability of a parking space in a correct and efficient way? In (Klappenecker, Lee, 
& Welch, 2014) a continuous-time Markov chain is implemented to predict the 
probability distribution of the number of occupied spots in a parking lot. The information 
that would be required by the algorithm is: the total number of parking spaces in a lot, the 
number of occupied spaces, the arrival rate of the vehicles (modeled by Klappenecker et 
al. using a Poisson distribution), the parking rate (exponential distribution), and the 
relative time.  
The authors explain their methodology and thought process for constructing the 
algorithm, and test it for two different scenarios. For the first example, the parking lot is 




cars per second, and a parking time of 3060 seconds (Klappenecker, Lee, & Welch, 
2014).  
The first scenario is having a high number of cars arrive at an already rather full 
parking lot. The second scenario involves cars still reaching a full parking lot, but with 
lower frequency than in the first scenario.  
The authors generate probability distribution curves of the occupancy number, 1, 4 and 
16 minutes after the parking lot information is transmitted. For the first scenario, 
Klappenecker et al. notice that the probability that the parking lot is completely full 
decreases from about 0.067 % to 0.02 % from 60 seconds to 16 minutes after the initial 




the entire time. 
For the second scenario, the lot is completely full (1000 closed spots), but only 
0.2124 cars drive into the lot. Klappenecker et al. notice that a minute after the 
information is sent, the probability that the lot remains completely full is less than 0.025. 
In addition, after 16 minutes, that probability drops down to less than 10
-5
. 
Klappenecker et al. evaluate a model described by Caliskan et al., which focuses 
on larger lots such as airport and mall parking. They showed that accurate predictions can 
be made with regards to future parking occupancies. The major limitation of this model is 
the need to keep an accurate track of the number of cars entering a lot, and a constant 
update on its occupancy. Moreover, some of the assumptions taken by the authors might 
not hold if admission is not strictly enforced, parking data is erroneous, or a single 





2.1.6 Wireless Sensor Networks 
 
The basis of Wireless Sensor Networks (WSN) usually involves implementing 
hardware and software updates to a parking lot, as seen briefly in Chapter 2.1.2.2. On the 
hardware side, the goal is to deploy low-cost sensors throughout the lot with the aim of 
detecting and tracking vehicles, and possibly mapping entire lots for parking 
management applications (Zhang, Tao, & Yuan, 2014). These sensors are usually 
acoustic, light and sound sensors, such as the sensor systems covered previously. The 
novelty behind WSN is the software implementation. Many papers have explored this 
option and detailed their findings ( Tang, Zheng, & Cao, 2006), (Gu, Zhang, Yu, & Liu, 
2012), (Srikanth, Pramod, Dileep, Tapas, Patil, & Sarat, 2009), (Yang, Portilla, & 
Riesgo, 2012), (Chinrungrueng, Sunantachaikul, & Triamlumlerd, 2007) . As explained 
by Tang et al., the goal behind the software is to transmit sensor information to a main 
database. This data can then be evaluated in real time by algorithms and applications to 
actively manage the parking lot, as well as generate some useful statistics, and facilitate 
parking for customers ( Tang, Zheng, & Cao, 2006). 
Tang et al. specify the hardware they use (Motes, Sensor Boards and Gateways) 





Figure 13: (a) 3-layer framework of WSN-based system, (b) the architecture of the system ( Tang, Zheng, & 
Cao, 2006) 
The authors tested their system on a prototype model of a parking lot and obtain 
positive results; for example sensors were able to locate parked cars and update the 
parking spot status in the database. The number of available parking spots and a light 
indicator signaling that event were also among the features the WSN was tested for.  
Many papers have been written on Wireless Sensor Networks ( Tang, Zheng, & 
Cao, 2006), (Gu, Zhang, Yu, & Liu, 2012), (Srikanth, Pramod, Dileep, Tapas, Patil, & 
Sarat, 2009), (Yang, Portilla, & Riesgo, 2012), (Chinrungrueng, Sunantachaikul, & 
Triamlumlerd, 2007). Thus we can assume that the technology is highly implementable 
and tested. But as mentioned previously, these Wireless Sensor Networks need to be 
implemented and tested for each individual parking lot. This places a limit on the scope 




2.1.7 Overview of Sensor Technologies 
 
Several sensor technologies and prediction algorithms have been researched and 
applied for parking spot detection. This chapter covered the most effective technologies, 
such as wireless sensor networks, ultrasonic, video, and AMR sensors. Each technology 
had its advantages and drawbacks: ultrasonic sensors for example are cheap and easy to 
implement, but possess low frequencies and efficiencies. Vision sensors on the other 
hand are effective and can be used for multiple applications (parking occupancy detection 
and autonomous driving), but are computationally complex and depend heavily on 
lighting conditions.  
 
2.2 The Need for Laser Sensors 
 
The sensors discussed in Chapter 2.1 each exhibit several drawbacks that would 
limit their efficiency in parking spot detection. This thesis will therefore focus on testing 
an alternative technology using laser sensors which are accurate, have long range, and 
fast frequencies. 
 
2.2.1 Available Laser Sensor Technology 
 
2.2.1.1 Laser Sensor Implementation 
 
In their paper, Ono et al. use a laser range finder vertically mounted on a probe 




mapping a “geometric model” of a town, they plan on reconstructing a 3D set of points 
representing actual road side scenarios, possibly generating information on town 
activities in Japan (Ono, Kagesawa, & Ikeuchi, 2002).  
The authors put in place three requirements that the sensor must follow: It should 
be accurate enough to obtain a geometric model of the town, the laser sensor should be 
safe and not harmful to pedestrians, and it should scan on a line. Ono et al. explain that 
the third requirement is important since a line sensor, as opposed to a 2D laser sensor 
(Thornton, Redmill, & Coifman, 2014), has a higher accuracy and frequency since it does 
not measure distances in a 2D plane, and therefore requires less computational power. 
However, to get a more accurate 2D representation of parked cars, the laser range sensor 
can be rotated about its horizontal axis (Figure 14). The measured distances can then be 
adjusted accordingly, and a 2D map can be generated (Ono, Kagesawa, & Ikeuchi, 2002).  
 
Figure 14: Rotation of the laser sensor 
 
The sensor used in Ono et al.’s experiments is an “IHI range sensor”, initially 
developed to detect pedestrians at intersections, rendering it safe for the public. Its 




system”. Moreover, the sensor weighs 14 kg with dimensions of 560 mm x 240 mm x 
280 mm (Figure 15), suggesting that it is a bulky and cumbersome attachment to the 
probe vehicle.  
 
 
Figure 15: IHI 3D Laser Radar (IHI Corporation, 2010) 
 
Since the frequency of the sensor is low, and the distance between the probe car 
and the parked vehicles is variable, experimental readings were not conclusive. As an 
example, Ono et al. explain that without vertical line sensing, the range sensor could not 
differentiate between parked cars and objects on the street, and could not detect black 
vehicles because of its low power (Ono, Kagesawa, & Ikeuchi, 2002). 
As the probe vehicle is moving at speeds upward of 30 km/h (18.6 mph), vertical 
line sensing can be performed by generating one vertical line depth image every 10 ms, 




To obtain a depth image of the experimental situation, the authors propose 
normalizing the sequence of the one-line depth images so that each line image is assigned 
to an exact position in the real world depth image.  
Since black vehicles might not be detected by their sensor, Ono et al. could not 
truncate undesirable points and focus on specific distances. Instead, they had to devise 
two algorithms to count the number of parked cars (Figure 16): using a depth-curve 
method and a height-curve method (Ono, Kagesawa, & Ikeuchi, 2002). Figure 17 shows 
the results of both detection methods. 
 






Figure 17: Detection results (a) by depth-curve method, (b) by height-curve method (Ono, Kagesawa, & Ikeuchi, 
2002) 
 
To test their setup and logic, Ono et al. performed two outdoor experiments, with 
varying speeds and densities of traffic. Because of their method, they must assume that 
the probe car drives in a straight line at either 10 or 20 km/h (Ono, Kagesawa, & Ikeuchi, 
2002). After applying their algorithm, the authors were able to detect a total number of 
107 vehicles with no errors. 
Nevertheless, some drawbacks can be observed from Ono et al.’s paper. The 
sensor used would not be easily attached to probe vehicle since it weighs 14 kg with 
dimensions of 560 mm x 240 mm x 280 mm. Furthermore, the sensor’s sensitivity is not 
ideal (± 50 cm) for the parking detection application. The authors are also manually 
counting parked vehicles (neglecting open spots), and do not seem to have an algorithm 
that automatically computes the actual number of parked cars. This suggests that the 
counting process could not be automated and information is not transmitted to a 
cloud/server for parking applications. This analysis is mainly for offline research and 




Additionally, Ono et al. needed to use detection algorithms such as depth-curve 
and height curve methods to detect all vehicles. Finally, experiments were only 
performed for parallel parked vehicles, at 10 and 20 mph (one run each). Other parking 
layouts (45, 60 and 90 degree parking) were not evaluated, and the probe vehicle speed 
was not varied appropriately.  
 
2.2.1.2 2D Lidar Implementation 
 
Another study by Thornton et al. uses a 2D LIDAR sensor to automate data 
collection for parallel parked vehicles around a university campus. The LIDAR provides 
a precise point cloud of the surrounding environment at high frequency. Thornton et al. 
employ an algorithm that uses this point cloud to locate vehicles parked on the side of a 
street, and determine their height and length (Thornton, Redmill, & Coifman, 2014). 
For example, curb location and objects on the side of the road are evaluated. Then 
vehicle sizes, gaps between vehicles, and parking lot occupancy are measured.  
Thornton et al.’s sensing system costs about $10,000 per unit, while they suggest 
that the cost for fitting a parking lot with the appropriate sensors can be around $60,000. 
Their probe vehicle is equipped with 2 main sensors: a 2D LIDAR and a differential 
global positioning system receiver (DGPS). Additionally, inertial navigation corrections 
are performed by an onboard speedometer and a yaw gyroscope (Thornton, Redmill, & 




The LIDAR scans in a vertical plane at a frequency of 37 Hz covering 180
o
 with a 
resolution of 0.5
o
, and has a range of 81 m, with a resolution of 0.01 m. Since the 2D 
LIDAR is mounted on the driver’s side, it measures parallel parking on the opposite side 
of the road, generating a 3D point cloud, as seen below: 
 
Figure 18: LIDAR point cloud example (Thornton, Redmill, & Coifman, 2014) 
 
Cars passing by the side of the vehicle must be occluded since they are not part of 
the parking lot setup. The complexity of this occlusion step depends on the direction to 
which the car is driving, its speed and distance from the probe car.  
This paper also describes a method of “sectioning” the parking lot strip into a 
number of spots depending on the width of each parking spot. 
As seen in the chart below (Figure 19), the algorithm Thornton et al. developed is 
divided into three stages: firstly, the position of the probe vehicle is estimated for each 
LIDAR scan, the data is processed and specifies whether an object is detected, and 
locates the far side curb. The second stage involves integrating information from 




Following the occlusion step, Thornton et al.’s algorithm marks the location of each 
vehicle, and measures its height, length, and heading. Finally, the vehicle info is assigned 
to road segments and lanes, noting the occupancy of each parking lot and other vehicle 
information (e.g. vehicle-to-vehicle gap). 
 
Figure 19: The three stages of the algorithm (Thornton, Redmill, & Coifman, 2014) 
 
After compensating for tilt and other environmental factors, Thornton et al. are 
able to generate the graphs in Figure 20. They represent the LIDAR data from a single 






Figure 20: (a) Single LIDAR scan producing raw data points, detecting the ground and curb. (b) Parked car 
detected and curb location estimated using an estimate from a preceding time sample (Thornton, Redmill, & 
Coifman, 2014)  
 
After the curb is located, object and occlusion detection for each scan is 
performed. The second stage of the algorithm is integrating information across scans. 
This entails looking at each individual scan, and analyzing where a potential vehicle is 
spotted (Thornton, Redmill, & Coifman, 2014).  
As seen in Figure 21, 3 cases are examined and explained. The first case is where 
the probe car is driving on the opposite side of the parking lane, without an occluded 
vehicle present. The second case is where a vehicle drives by the probe car. And finally 
the last case demonstrates how the gap between two parked cars might not be seen if it is 







Figure 21: (a) Opposing lanes viewed by LIDAR and (b) object and occlusion detection by the algorithm. (c) 
Endpoint occlusion scenario and (d) object and occlusion detection by the algorithm. (e) Occluded gap between 
parked cars and (f) object and occlusion detection by the algorithm (Thornton, Redmill, & Coifman, 2014) 
 
The next step in this second stage is length estimation. Assuming the width of a 
car is between two values, smaller occlusions (such as trees and fire hydrants) can be 
ignored since they do not represent a car. However this risks overseeing motorcycles, but 
the frequency of occurrence is usually very low. For large adjacent-object lengths, 
Thornton et al. assume that the space between parked vehicles was not detected. This led 
the authors to divide the adjacent space by an assumed generic car width value to get an 
approximate of the number of cars parked on the side of the road.  
Figure 22 shows the results of vehicle lengths and heights, their location with 





Figure 22: (a) Gaps between parked vehicles, (b) lengths of vehicles, and (c) height of vehicles vs. distance 
travelled (Thornton, Redmill, & Coifman, 2014) 
 
In the third part of the algorithm, Thornton et al. used Differential GPS (DGPS) 
data to determine which vehicles are in a parking zone and need to be counted, and which 
vehicle should be ignored. However the authors also go over two methods not 
necessitating DGPS data: increasing the tolerance used when locating a car using the 
LIDAR, or using landmarks on the road to match GPS and LIDAR data. Both options 




only), and increasing the complexity of the algorithm in the second case (LIDAR and 
GPS).  
Thornton et al.’s probe vehicle collected data from numerous test runs around a 
university campus over the course of four years and throughout different seasons. 
Eventually, 29 runs were chosen at random from this data base. Table 1 shows the 
difference of number of cars counted between experimental and ground truth data. 
 
Table 1: Results of LIDAR algorithm detection vs. ground truth data (Thornton, Redmill, & Coifman, 2014) 
 
 
The authors explain that potential errors in LIDAR measurements could arise 
because of the change in geometry of a road, or a specific intersection design where 
passing cars can occlude parked cars. Out of 1873 vehicles, 15 were miscounted, yielding 
an error of 0.8% (Thornton, Redmill, & Coifman, 2014). Thornton et al.’s algorithm is 
therefore effective, and would be beneficial if installed on a public transport vehicle.    
However some factors that need to be considered before adaptation are: testing in 
adverse weather conditions (e.g. rain), the price and bulkiness of the sensor, the difficulty 
of installing the system onto a probe vehicle, the complexity of the algorithm, and its 




2.2.2 Combining Laser Sensor Technology and Other Sensors 
 
Tong et al.’s method for extracting a parking lot structure consists of combining 
LIDAR and Orthophoto (photographic map) data in three steps. Firstly, vehicle locations 
and their central axis are extracted from a LIDAR scan. The authors then use this axis 
information to bind the parking lines of a lot extracted from the photographic map. 
Finally, an “adaptive growth method” is employed to extract the entire parking lot 
structure from retrieved parking lines and vehicle central axes. Tong et al. set up two new 
algorithms for this application: the first is for parking lines extraction with principal 
orientation constraints, and the second deals with determining a parking lot structure 
based on parameter solution and adaptive growth (Tong, Cheng, Li, Wang, & Du, 2014).  
Figure 23 below shows the idea behind finding a parking lot structure: from 
LIDAR and photographic map data implemented into an algorithm (Figure 23.a), a 
complete structure recognition is made possible. Information about the parking lot’s 
dimensions, line orientation and occupancy can successfully be computed. Tong et al. 
explain that this method can offer great advances in parking policies and structures: by 
correctly monitoring a parking lot, superfluous parking spots and wasteful driving time 
spent looking for an open spot can be reduced (Tong, Cheng, Li, Wang, & Du, 2014). 
This might also extend to the world of autonomous driving, as parking lot information is 





Figure 23: Determining the parking lot structure automatically using (a) LIDAR data and an aerial snapshot of 
a parking lot, (b) projected vector structure information (Tong, Cheng, Li, Wang, & Du, 2014) 
 
As the authors explain, prior art has been developed regarding this issue, mainly 
by employing optical sensors to extract parking lot structures. But Tong et al. clarify that 
this method is hindered by “dramatic luminance variations, shadow effect, perspective 
distortion, and inter-occlusion among vehicles” (Figure 24). However, the proposed 
method in (Tong, Cheng, Li, Wang, & Du, 2014) showed promising results, and is not 






Figure 24: Examples of challenges faced in the parking lot extraction process: (a) A parking lot with several 
dominant lane-markings, (b) a full parking lot, (c) low quality line markings (Tong, Cheng, Li, Wang, & Du, 
2014) 
 
Tong et al. tested their algorithm on three types of parking lots with different 
structures, image qualities, shading natural elements, car distributions, parking 
orientations, and luminance variations. They also compared their results to image-based 
methods relying on segment extraction and filtering, and parking lines interpolation and 
expansion. 
Seen in Figure 25 and Figure 26 are the results from Tong et al.’s proposed 
method (figures a, b and c) compared to the results from the aforementioned image-based 
method (figures d, e and f). They noticed that the results from the proposed method are 
far better than the results from the image-based approach: all three parking lots are 
correctly mapped and the reference lines accurately placed in Tong et al.’s approach 






Figure 25: (a), (b), and (c) Parking lots generated by the proposed method. (d), (e), and (f) Parking lots 







Figure 26: (a), (b), and (c) Reference lines for parking lots generated by the proposed method. (d), (e), and (f) 
Parking lots generated by the image-based approach. Red lines represent the parking spot limits, while green 
lines represent the vehicle central axis (Tong, Cheng, Li, Wang, & Du, 2014) 
 
Statistical results from the experiments proved that the proposed method far 
outperforms the image-based method for every parking lot. At some instances, it was 
even shown that the image-based method could not represent parking lot at all, because 
of various issues such as image qualities, shading and luminance variations (Tong, 






Figure 27: Correct (red), missing (blue), and false (green) lines in the extracted lot structure (a), (b), and (c) 
Parking lots generated by the proposed method. (d), (e), and (f) Parking lots generated by the image-based 
approach (Tong, Cheng, Li, Wang, & Du, 2014) 
 
 
2.2.3 Overview of Laser Sensor Technology 
 
Literature has shown that laser sensors would be a competent replacement to 
other sensor technologies as they help accurately detect parking spot availability and 
efficiently map parking lots. However, some drawbacks can be observed for each of the 
sensors mentioned in Chapter 2.2: The sensor used in (Ono, Kagesawa, & Ikeuchi, 2002) 
does not have an ideal accuracy (± 50 cm); it also cannot be easily attached to a probe 
vehicle because of its weight (14 kg) and dimensions (560 mm x 240 mm x 280 mm). 




not only be cumbersome but also costly: $10,000 per unit and $60,000 for fitting a 
parking lot with the appropriate sensors.  
Moreover, for parking lot mapping, parking layouts need to be extracted manually 
as a precondition, and the simulated information cannot be applied to detect parking 
availability instantaneously. 
Finally, some factors need to be considered before implementing these sensors in 
commercial vehicles. These factors can range from testing in adverse weather conditions 
(e.g. rain), to minimalizing the complexity of the algorithm, and perfecting its ability to 
generate usable real time data transferable to servers or clouds. 
 
2.3 Summary of Available Sensor Technologies for Parking Detection 
 
Table 2 below shows a summary of the qualities of available sensor technologies 
for parking detection. A technology’s positive qualities are highlighted in green, whereas 
its drawbacks are highlighted in red.  
Anisotropic Magnetoresistive (AMR) sensors are accurate and have a high 
frequency, but are limited by their low range and noise interference (Table 2). These 
sensors are installed for each parking spot, limiting their scope of applicability to specific 
parking lots fitted with AMR sensor technology. To enhance the applicability of sensors 
to detect parking availability, these sensors should be attachable to probe vehicles. 
Vision sensors offer accurate data and cover large surface areas since sensors can 




systems are major drawbacks, thus limiting their implementation onto production 
vehicles. 
 Ultrasonic sensors seem promising because of their low price and ease of 
implementation onto probe vehicles. This hardware however is restricted by low 
frequencies, limited range, and poor accuracy (Table 2).   
Laser sensors on the other hand possess high accuracy, long range and 
exceptional frequencies. Abdel-Hafez et al.’s paper brings up two important points for 
parking spot detection using laser sensors: since ultrasonic sensors’ accuracy and range is 
very limited, numerous algorithms need to be implemented to ensure the soundness of the 
data and safety of the passengers. On the other hand, an application using an affordable 
laser sensor does not require intense algorithm developments. The second point this 
paper highlights is the possibility and added safety that algorithms might have on laser 
sensor applications. As car manufacturers might want to move forward with the proposed 
sensors, they would have the ability to generate and implement required algorithms for 
driver safety and added accuracy.  
The laser sensors seen in literature possess the best qualities compared to other 
sensors, such as high accuracy and frequency, and long range. Nevertheless, these laser 
sensors are expensive and not easily attachable onto vehicles. Moreover, their 
performance under adverse weather conditions was not evaluated. Consequently, the 
ideal solution for parking spot detection would be a laser sensor having the qualities 
mentioned above (long range, high frequency and accuracy), but having a lower cost and 




Table 2: Summary of sensor technologies available for parking detection 
 
  









Accuracy    
Frequency    
Range    
Noise Interference    
Price    
Ease of Implementation 
(Size) 
   
Scope of Applicability    
Impact of Environmental 
Conditions 











3.1 Ideal System Requirements 
 
To enhance the parking experience for drivers, parking lot information should be 
made accessible, focusing on correctly detecting parking spot availability. In order to 
accurately determine this availability, several design criteria should be met. The system 
must be able to detect parked cars, and assess the status of a parking spot (available or 
occupied). Since the sensor will be installed on a probe car, it should also detect parking 
availability while the probe vehicle is in motion.  
 
3.1.1 Installing a laser range sensor 
 
Literature in Chapter 2 has shown that laser sensors would be the ideal equipment 
to use for parking spot detection, due to their high precision and long range (Table 2). 
The laser sensors used in (Ono, Kagesawa, & Ikeuchi, 2002) and (Thornton, Redmill, & 
Coifman, 2014) were determined to be expensive and cumbersome. The sensor installed 
in this thesis therefore must possess similar qualities as Ono et al. and Thornton et al.’s 
sensors (long range, high accuracy and frequency), but should also be affordable and 
easily attachable to a probe car. Laser sensors explored in literature were also not subject 




used in this thesis should then scan accurately in various testing scenarios but also under 
inclement weather conditions. Finally, more complex and expensive laser sensors have 
the ability to produce accurate 3D maps of parking lots or streets. The sensor mounted on 
the probe vehicle in this thesis should be able to compete with these more expensive 
sensors, and generate similar images, using affordable off-the-shelf instruments. Figure 
28 illustrates the main points required for an efficient, accurate and affordable sensor to 
be utilized in this thesis.  
 
Figure 28: Laser sensor satisfying all technical requirements 
 
3.1.2 Integrating other data sources 
 
Ideally, the sensing system would also be able to integrate other sources of data 
for added applications or security features (Figure 29). Vehicle speed for instance, could 
be used to calculate the distance travelled, and generate a 3D map (explained in Chapter 




the probe car based on surrounding landmarks, as done in (Thornton, Redmill, & 
Coifman, 2014). This would also help in detecting lots, pinpointing parking spots, and 
enhancing data visualization. Once parking availability is determined, that information 
should be made available to customers searching for parking. Hence, syncing sensor 
information to a cloud or central server could be integrated as well (Figure 29). This 
feature would improve parking applications by having different data streams feeding into 
one common parking detection algorithm.  
 
 




3.1.3 Use case description 
 
As an example of the application of this sensing system, the figure below 
describes a use case: how is the sensor information used? 
 
Figure 30: Use case description 
 
After a parked vehicle leaves its parking spot (Car A in Step 1), laser sensors 
installed on its sides retrieve distance data (Car A in Step 2). The data can then be sent to 
a central server (Step 4) either instantaneously to reflect the exact status of a parking spot 




reaches the central server, it is analyzed using detection algorithms. The evaluated data is 
then forwarded to other vehicles requesting assistance from the central server to locate a 
parking spot (Car B in Step 5). These vehicles use this data to evaluate which parking lot 
is ideal. As these cars are leaving a parking spot or driving by a lot (Car B), they can also 
scan for empty parking spots and send data back to the server, thus closing the data 
sharing loop. This use case shows an example of how the sensors can be used to retrieve 
parking availability and forward it to other vehicles looking for parking. However other 
use cases can be assessed. These include installing sensors onto taxis or government-
owned vehicles (buses or police cars) that continuously drive through a city and therefore 
past parking lots. In those scenarios, the same use case explained in Figure 30 applies, 
however the sensing vehicles in question are not searching for a parking spot. 
 
3.2 Infrared Laser Technology Overview 
 
Laser range infrared sensors emit an optical signal through a transmitter and 
measure the time it takes for that signal to “bounce off” an object and reach the receiver. 
This “Time-of-flight” distance measurement technique estimates the time delay by 
correlation. That is a signal processing approach which generates a signature match 
between the outgoing and incoming signals.  
As Kikuta et al. explain in their paper dating back to 1986, measuring a distance 
with a laser diode is made possible since the wavelength of the emitted laser beam 
fluctuates in relation to the diode’s injection current (Figure 31). Because of the 




the magnitude of this variation is related to the light wavelength shift and measuring 
distance. By measuring the phase variation, and knowing the wavelength shift, a distance 
(larger than the wavelength) can be estimated (Kikuta, Iwata, & Nagata, 1986). 
 
Figure 31: Illustration depicting the distance measurement principle (Kikuta, Iwata, & Nagata, 1986) 
After the correlation algorithm determines the time delay, distance is computed 
from the known speed of light (2.998 x 10
8
 m/s): 
𝑑 = 𝑐 ∗ ∆𝑡 
Equation 4: Calculation of the distance 
 
 Because of this high speed, time-based accuracy can be very high. This accuracy 
should be a requirement for the laser sensor used in this thesis. 
 





The requirements for the sensing system will be explored herein. The laser range 
sensor setup used for the experiments will also be illustrated: it combines the hardware 
installed and the detection algorithm used. 
 
3.3.1 System Requirements 
 
In order to correctly map parking lots, or enhance parking spot detection, an 
affordable laser sensor needs to be installed. That sensor must have a reliable accuracy 
and should perform consistently under different weather conditions. The sensor should 
also be adaptable to current production vehicles, and hence must not be harmful to 
pedestrians. Furthermore, the algorithm used to analyze collected data must be 
accessible, simple, and efficient. It should also be capable of generating real-time data 
should it be implemented in parking “apps”. 
 
3.3.2 Hardware Overview 
 
3.3.2.1 Laser range sensor description 
 
Pulsed Light introduced their new infrared sensor “LIDAR-Lite” in 2014 for 
$89.95, describing it as a “single chip processing solution” which requires minimal 
hardware. It should be noted that this sensor measures distances using a single infrared 
beam (described in Chapter 3.2). Therefore it is not technically classified as a “LIDAR” 
(combination of “Light” and “Radar”) since these sensors generate a 2D image based on 




images using the laser range sensor is possible but requires hardware and software 
modifications.   
The laser range sensor in question has a reported maximum range of 40 m, 
although field tests showed that the sensor could detect objects as far as 35 m (which is 
far beyond what this application requires). With an average acquisition time of roughly 
20 ms (50-70 Hz) and an accuracy of ± 25mm (compared to the sensor used in (Ono, 
Kagesawa, & Ikeuchi, 2002) having an accuracy of ± 50 cm), this sensor is ideal for 
applications which require fast distance measurements with high accuracy (Table 3). 
Since it is powered by 4.75-5.5V DC, these applications include robotics, unmanned 
vehicles and automotive applications. This laser sensor is designated Class 1, meaning 
that it complies with US FDA performance standards for laser products, and is safe to 




Table 3: LIDAR-Lite Specifications (Pulsed Light, 2015) 
 
 
In 2015, the company upgraded the hardware to a “LIDAR-Lite v2 Blue Label”, 
which was selling for $114.95. The 40 m range, 25 mm resolution and low power 
requirements were still some of the qualities transferred to the newer generation LIDAR. 
However one of the most noteworthy upgrades was the increase in measurement speed: 
the sensor can now operate with speeds of up to 500 readings per second. In field tests, 
the frequency was closer to 200 Hz, a significant improvement from the previous 70 Hz 
value. To illustrate this improvement in frequency, 3D mapping was attempted using the 
newer “LIDAR-Lite v2 Blue Label”, as shown in Chapter 4.2.2. 
 





To temporarily secure the laser range sensor to the probe car, a suction cup and its 
mount were used (Figure 32) since they allowed modifying the location and tilt angle of 
the sensor. A 3D printed part was attached to the mount, and the sensor was then fixed to 
that attachment. To power the sensor and receive its data, it was wired to an Arduino Uno 
microcontroller which runs on a version of C/C++ languages. For vehicle tests, the 
Arduino was powered via USB connected to a laptop, and sensor data was saved to an 
excel file on said laptop. That Arduino microcontroller was secured to the mount using 
Zip Ties. To obtain 2D and 3D images and evaluate the effect of pivoting the sensor, a 
servo motor was also attached to the mount (Figure 33). The final product and its 
installation on the probe car can be seen in Figure 35. 
                






Figure 33: Laser range sensor with servo motor assembly 
The mounts were attached to the side of the front bumper of the car. This would 
make it easier to possibly compare laser sensor data with the probe vehicle’s factory 
installed ultrasonic sensors.  
Figure 34 below shows an overview of the system description, along with the 
different steps followed throughout the measurements: in Step 1, the laser sensor setup is 
mounted to the probe vehicle (Item 2), which drives past parked cars. The red dashed line 
in Figure 34 represents the laser beam emitted from the sensor. Data is transferred from 
the laser range sensor and microcontroller (Item 2) to an onboard laptop (Item 4) via 
USB cable (Item 3). An Arduino IDE code (Step 5.a) is installed on the microcontroller 




which continuously reads the serial port of the laptop (Step 5.b), receives the incoming 
data and saves it to an excel file (Step 6 a). Once all experimental runs are completed, the 
detection algorithm (explained in Chapter 3.3.3) is run in Matlab to determine the 
number of available and occupied sparking spots.  
 
Figure 34: System description overview 
 
To test the feasibility of market implementation, the laptop (in Step 4) needed to 
be eliminated from the system. Hence two methods for powering the microcontroller 
were explored: the first option would be to power the Arduino/Controller through a 
lithium ion battery, making the entire setup cable-free. The other option is to power the 
system by plugging in a USB car charger into the cigarette lighter, and running a standard 
USB cable to the microcontroller. In both cases, sensor data will be sent to a mobile 
device by Bluetooth through a Bluetooth BLE shield connected to the microcontroller. 




Moreover, a limitation on the sensors that should be considered before installation 
is performance under inclement weather such as heavy rain. Since a laser beam can detect 
objects through clear material, the system was waterproofed by wrapping the sensor and 
sensitive wires with clear freezer bags (Figure 35.b). The system was tested under heavy 
rain, and the results will be reported in Chapter 5.2.  
      
 
Figure 35: Entire sensor setup (a) for the pivoting sensor, (b) for the water resistant sensor, and (c) mounted on 
the probe vehicle 
 
3.3.3 Detection Algorithm 
 
3.3.3.1 Algorithm Overview 
 
After experimental runs were conducted for all parking angles and desired speeds, 
different log files containing multiple excel folders were generated. The role of the 




different analyses. To explain the logic behind the algorithm, a general overview can be 
seen in Figure 36 and Figure 37.   
 
Figure 36: General overview of the algorithm 
 
 
Figure 37: Spot Count Algorithm 
 
 These figures enumerate the different steps undertaken in the detection algorithm: 
Figure 36 shows a general overview of the algorithm where the main code 




the Matlab functions are used (right column). Figure 37 on the other hand focuses on a 
function constituting the bulk of the algorithm: “SpotCount”. Again in this figure, the 
logic behind this spot count algorithm is shown in the left column. The order of functions 
used is then shown in the right column. 
 
3.3.3.2 Determining the “Ideal Distance” of Parked Vehicle from Probe Car  
 
A main issue encountered was determining at which distance (in mm) the 
algorithm should expect to detect parked cars: since the laser range sensor only measures 
distances, the user needed to determine that distance limit visually. After doing so, a 
manual input into the algorithm would allow it to count the number of closed/open spots. 
However, an update to the code allowed the algorithm to test several distance limits, and 
run the code based of that value. It was observed that for the ideal distance limit, the 
algorithm would return a maximum number of open/closed spots. Because of that, the 
algorithm can now detect spot availability without any inputs from users. 
The program is run as the probe vehicle begins to accelerate. Meanwhile relative 
time is registered, and the sensor values are reported and saved to an excel file. Figure 38 
shows a plot in Matlab of raw sensor data vs. relative time. The sensor reports the 
distance objects are from the probe car every 20 ms with accuracy of ± 0.025 m. In 
Figure 38, the graph shows how far the objects detected by the sensor are, and at what 
point in time they are actually detected.  
Since the laser sensor has a range of 40 m, as specified on its data sheet 




for some of the 90 degree runs, 3 rows of cars are detected: around 1-5 m from the probe 
vehicle, around 10 m from the vehicle, and finally around 20 m from the vehicle. A run 
for 90 degree parking with the probe car driving at 5 mph is shown in Figure 39. Since 
we are mainly interested in the row of cars closest to the probe car, the detection 
algorithm first has to ignore measurements beyond 5 m. That is generated in Figure 40, 
where we could clearly distinguish parked vehicles from open spaces.   
Moreover, we notice from Figure 38 that some noise affects the readings, and 
causes the value of the distance measured by the sensor to dip to 0. These anomalies 
should be disregarded since they do not represent accurate data.  
 





Figure 39: Ground Truth Data from Onboard Camera 
 
 





Depending on the number of “dips” and “rises”, the algorithm can generate an 
accurate number representing closed spots and open spots. In the example shown in 
Figure 40, ground truth data from the GoPro camera showed that the strip of parking lot 
contained 20 spots, of which 11 were occupied and 9 were open.  
Running the Matlab algorithm for this example, we find:  
 
Figure 41: Solution of Matlab algorithm counting the number of closed/open spots for 90 degree parking, at 5 
mph 
 
This shows that at this point, the detection algorithm and laser range sensor are 
100 % accurate, compared to ground truth data from the onboard GoPro camera. 
However, many runs have been performed to calculate the repeatability and accuracy of 






3.4 System Description Summary 
 
Literature has shown that an affordable and adaptable laser sensor would be the 
ideal instrument to evaluate parking spot availability based on accurate and fast distance 
measurements. A “LIDAR-Lite” laser range sensor from “PulsedLight” was attached to 
off-the-shelf hardware and mounted onto a probe vehicle. Experiments were then 
conducted for different parking configurations, at different driving speeds and under 
inclement weather conditions. Finally, detection algorithms were run to count the number 










EXPERIMENTS CONDUCTED  
 
 
4.1 Experimental Set Up and Hypothesis 
 






 and parallel (0
o
) parking for speeds of 5, 
10 and 15 mph (Table 4). The probe car was driven at 15 mph when it was deemed safe. 
Although the speed limit of a parking lot is usually 10 to 15 mph, testing the system at 
the speed limit would allow us to evaluate using the sensor for other purposes such as 
vehicle peripheral sensing, video sensor assist (Makris, Perrollaz, & Laugier, 2013), and 
possible collision detection/prevention.   
 
















Speeds (mph) 5 10 5 10 5 10 5 10 15 
Number of Runs 15 15 20 20 21 20 13 15 13 
 
 
For each parking angle, raw laser range sensor data is analyzed by the detection 
algorithm. All findings are then compared to ground truth data obtained by a GoPro 
camera installed on the probe car. Statistical analyses will then be performed in order to 
estimate the accuracy of the sensor, the performance of the detection algorithm, and the 
number of laps around a parking lot needed to gain different confidence levels.  
The experiments were conducted around the Georgia Institute of Technology 
campus in Atlanta, Georgia. Some of these experiments were carried out in the 
Department of Mechanical Engineering’s parking lot (90
o
 and parallel parking), while 




 parking).  
The 90
o
 and parallel parking tests were conducted following the routes highlighted in 





Figure 43: Routes followed for 90o parking 
 
 




4.2  Additional Experiments 
 
4.2.1 2D Image Generation 
 
The ultimate goal is to generate a 3D map of the parking lot. The motor and 
sensor setup shown in Figure 35 needs to be tested first by successfully obtaining a 2D 
image. Figure 45 shows the experimental setup used to generate a 2D plot. As the servo 
motor rotates the LIDAR to an angle θ from a horizontal line (where θ = 0
o
), the X and Y 
coordinates of the measured distance can be computed by following the formulas below: 
𝑋𝑝𝑜𝑠 = Distance Measured ∗ cos 𝜃 
𝑌𝑝𝑜𝑠 = Distance Measured ∗ sin 𝜃 
Equation 5: From Polar to Cartesian coordinate system 
 
It should be noted that if the pivoting angle is negative (laser sensor detecting 
objects below the horizon line), then the Y Cartesian coordinate is negative, and vice-





Figure 45: (a) Sample representation of the 2D experiment and (b) desired Cartesian plot output 
 
 
4.2.2 3D Image Generation 
 
Once 2D plots are successfully generated, 3D images could be obtained by 
following the steps highlighted for 2D image generation (Figure 45), and adding a 3
rd
 
dimension: distance travelled by the probe vehicle. In Figure 46, as the probe vehicle is 
driving by, the laser range sensor is pivoted about its horizontal axis (as explained in 





Figure 46: 3D system layout 
 
As the probe car is being driven, distance can be recorded. For the purposes of 
this experiment the probe vehicle was a golf cart since it is more controllable at lower 
speeds. To generate distance data, 4 equidistant magnets were attached to the rear right 
wheel, and a magnetic Hall Effect sensor was installed. The HE sensor counts the number 
of magnetic pulses generated by the rotating wheel. Distance can be obtained by 
estimating the arc between each magnet: as the golf cart advances, each magnetic pulse 
implies that the wheel rotated ¼ of its perimeter. The distance travelled increases by ¼ 
the perimeter after each magnetic pulse.  
Two methods were explored to incorporate this 3
rd





4.2.2.1 3D image Generation by Frames 
 
For every vertical sweep of the motor from its highest point (+ 25
o
) to its lowest 
point (- 25
o
), all measured laser sensor readings would have the same golf cart distance 
driven reported. This method generates a “frame” for every vertical sweep of the motor: 
in each frame, depth and height information are reported from the sensor. Each frame 
then has a different location based on the distance driven. A plotting algorithm is then run 
to combine the frames into a single graph.  
This method is used as a proof of concept to visualize the best 3D images that can 
be generated from pivoting the laser sensor. 
 
4.2.2.2 3D image Generation by Points 
 
For every distance value measured by the pivoting laser range sensor, the actual 
distance the golf cart traveled is reported. Hence each plotted point on the 3D image 
would have different depth, height, and distance travelled values. This method is 
effective for a vehicle driving continuously, and would be the closest representation of 







4.3 Summary of Experimental Setups 
 
Experiments were conducted for different parking layouts where the probe 
vehicle was driven at different speeds, in the vicinity of the Georgia Institute of 
Technology campus. Moreover, to test the limits of this affordable and commercial 











5.1 Accuracy of Laser Range Sensor 
 
Going back to the example mentioned in Chapter 3.3.3.2, where 90 degree 
parking spots were scanned at 5 mph: 13 runs were undertaken, for a total of 270 spots 
scanned. Out of all the runs, one closed spot was missed since the measurement began as 
the sensor was picking up a motorcycle parked parallel to the car. The calculated vehicle 
width exceeded our limit of 2.2 m, and the algorithm ignored the vehicle. Even at that, 
for 156 total closed spots, the sensor detected 154 spots, for an accuracy of 98.72%, and 
117 out of 117 open spots for 100% accuracy. 
These measurements were repeated for the different speeds and parking angles 
mentioned above, and excel tables were generated summing up the results of each 









 Table 5: Experimental results 
 
 
Additionally, three different statistical analyses were undertaken to evaluate the 
sensor’s accuracy.  
 
5.1.1 First Statistical Approach 
 
Firstly, a simple statistical analysis can be performed by looking at the final 
results from the laser range sensor, and compare them to ground truth data retrieved from 
the onboard GoPro camera. 𝑂𝑆𝑒𝑛𝑠𝑜𝑟 𝑎𝑛𝑑 𝐶𝑆𝑒𝑛𝑠𝑜𝑟 are the number of open and closed 
spots, respectively, based on sensor readings. On the other hand, 𝑂𝐺𝑇 𝑎𝑛𝑑 𝐶𝐺𝑇 are the 
number of open and closed spots based on Ground Truth data.  




0o Parking 45o Parking 60o Parking 90o Parking 
Speed (mph) 5 10 5 10 5 10 5 10 15 





49 46 63 32 40 44 117 152 133 
Closed 
Spots 






45 45 43 41 20 20 117 150 130 
Closed 
Spots 





91.1 97.8 68.2 78.0 50.0 45.4 100 98.6 97.7 
Closed 
Spots 




𝑃𝑂𝑝𝑒𝑛 = 𝑃𝑂[𝑔(𝑥)] =
𝑂𝑆𝑒𝑛𝑠𝑜𝑟
𝑂𝐺𝑇
⁄   𝑤ℎ𝑒𝑟𝑒  𝐼{𝑔(𝑥)} = {
1 𝑖𝑓 𝑔(𝑥)𝑖𝑠 𝑡𝑟𝑢𝑒
0 𝑖𝑓 𝑔(𝑥)𝑖𝑠 𝑓𝑎𝑙𝑠𝑒
   
𝑃𝐶𝑙𝑜𝑠𝑒𝑑 = 𝑃𝐶[𝑔(𝑥)] =
𝐶𝑆𝑒𝑛𝑠𝑜𝑟
𝐶𝐺𝑇
⁄  𝑤ℎ𝑒𝑟𝑒  𝐼{𝑔(𝑥)} = {
1 𝑖𝑓 𝑔(𝑥)𝑖𝑠 𝑡𝑟𝑢𝑒
0 𝑖𝑓 𝑔(𝑥)𝑖𝑠 𝑓𝑎𝑙𝑠𝑒
 
Equation 6: Probability calculations for open and closed spots.  
Case where ground truth numbers greater than experimental values 
 
𝐼{𝑔(𝑥)} is an indicator function. 𝑃𝑂𝑝𝑒𝑛 is the probability that an open spot is 
correctly detected, and 𝑃𝐶𝑙𝑜𝑠𝑒𝑑  represents the probability that a closed spot is correctly 
detected. Ideally, both these numbers should approach 1, meaning that the sensor 
readings match ground truth data readings. This also entails that the number of open or 
closed spots detected by the sensor should be inferior to the ground truth numbers. 
Whenever the system overshoots these ground truth numbers, the accuracy is calculated 
by:  










Equation 7: Probability calculations for open and closed spots.  
Case where ground truth numbers smaller than experimental values 
 
This occurrence is highlighted in Table 6 (numbers in bold), and it was observed 
that open spots uniquely exhibit this behavior. That is in line with our reasoning: as 
parked cars are not detected, the algorithm assumes that it is an open spot, therefore 
resulting in a higher number of sensed open spots compared to ground truth data.   
Additionally, confidence intervals are calculated to estimate the intervals that will 




Table 6, confidence intervals are calculated for 1, 2, and 5 runs for accurate detection 
95% and 99% of the time. 
Table 6: Probability Calculation - Method 1 
  
0o Parking 45o Parking 60o Parking 90o Parking 
Speed (mph) 5 10 5 10 5 10 5 10 15 
Popen (%) 91.84 97.83 68.25 78.05 50 45.45 100 98.68 97.74 
Mean Open 3.27 3.07 3.15 1.60 2.00 2.20 9.00 10.13 10.23 
Pclosed (%) 100 98.48 97.56% 96.20 80 75.75 98.72 96.97 97.90 
Mean Closed 9.47 8.67 6.00 7.60 4.00 3.75 11.85 10.67 10.77 
95% 
1 run 
Open ±0.87 ±1.82 ±2.86 ±1.30 N/A ±0.78 N/A ±0.98 ±1.13 
Closed ±1.21 ±1.98 ±2.48 ±1.80 N/A ±0.85 ±0.71 ±1.17 ±1.13 
95% 
2 runs 
Open ±0.61 ±1.29 ±2.02 ±0.92 N/A ±0.55 N/A ±0.69 ±0.80 
Closed ±0.86 ±1.40 ±1.75 ±1.27 N/A ±0.60 ±0.50 ±0.83 ±0.80 
95% 
5 runs 
Open ±0.39 ±0.81 ±1.28 ±0.58 N/A ±0.35 N/A ±0.44 ±0.50 
Closed ±0.54 ±0.89 ±1.11 ±0.80 N/A ±0.38 ±0.32 ±0.52 ±0.50 
99% 
1 run 
Open ±1.14 ±2.39 ±3.76 ±1.71 N/A ±1.03 N/A ±1.29 ±1.48 
Closed ±1.59 ±2.60 ±3.26 ±2.36 N/A ±1.12 ±0.93 ±1.54 ±1.48 
99% 
2 runs 
Open ±0.81 ±1.69 ±2.66 ±1.21 N/A ±0.73 N/A ±0.91 ±1.05 
Closed ±1.13 ±1.84 ±2.30 ±1.67 N/A ±0.79 ±0.66 ±1.09 ±1.05 
99% 
5 runs 
Open ±0.51 ±1.07 ±1.68 ±0.76 N/A ±0.46 N/A ±0.57 ±0.66 
Closed ±0.71 ±1.16 ±1.46 ±1.06 N/A ±0.50 ±0.42 ±0.69 ±0.66 
 
 
5.1.2 Discussion of First Statistical Approach 
 
The probabilistic results for this first method show that the accuracy of the laser 
range sensor is highest for closed spots, but also for parallel and 90
o
 parking. In fact, 
taking the average sensor accuracy for these parking layouts yields a value of 97.82%. 
This includes averaging the results of 71 experimental runs, for a total of 1223 spots 
evaluated. This is due to the fact that at these angles, the sensor usually detects the small 




significantly easier. For instance, if these gaps were not visible, the sensor might detect 
two parked cars in a row; the algorithm would then assume a very wide car (SUV or 
truck) is parked at that location. We therefore see in Table 6 that the accuracy of the 
sensor/algorithm is usually above 95% for parallel and 90
o
 parking, a very promising 
result for future market integration.  
The lower efficiencies observed for 45 and 60 degree parking are due to the 
reasons mentioned above, but also because of a low sample size: very few lots have 45 or 
60 parking spots in the Georgia Institute of Technology vicinity. Therefore only a single 
row of a couple of cars can be scanned. As shown in Chapter 6.3, a single black parked 
car is not successfully detected by the sensor for 60
o
 parking. Table 16 then shows that 
for the entire 5 cars parked, only 4 are successfully detected (hence the 80% accuracy for 
closed spots). As seen in Chapter 5.3 however, pivoting the sensor about its horizontal 
axis improves black vehicle detection.  
The confidence intervals calculated show that as the number of runs increases, the 
size of the interval decreases. This suggest that more runs around a parking lot improve 
the accuracy of the system, since the interval in question is closer to the mean of the 
actual number of closed and open spots. To illustrate this concept, we can evaluate the 
calculated interval upper and lower limits of occupied spots for experiments around 
parallel (0
o
) parking at 5 mph. In that case, the upper/lower limits decrease from 
10.68/8.26 (±1.21) to 10.33/8.61 (±0.86) and finally to 10.01/8.93 (±0.54), as seen in 
Table 6. Accurate detection 95% of the time can also be compared to 99% of the time: 
going from 95% to 99% increases the size of the interval. Using the same example seen 




5.1.3 Second Statistical Approach 
 
The second statistical approach is performed to correctly estimate the probability 
of false positives and false negatives occurring. A false positive refers to the probability 
that the detection algorithm detects a parked car while ground truth video data shows that 
the parking spot is unoccupied. Conversely, false negatives refer to the fact that a vehicle 
is parked but the sensor does not correctly detect it (Mathur, et al., 2010).  
Equation 8 below explains how to calculate the false positive and false negative 








Equation 8: False Positive and False Negative Probability Calculations 
 
The results of the second statistical approach are shown in Table 7 below. 
 
Table 7: False Positive and False Negative Probability Calculations - Method 2 
 
 














5 10 5 10 5 10 5 10 15 
PFPositive 8.89% 2.22% 46.51% -21.9% 50% 54.54% 0% 1.33% 0.00% 




As expected, the probability of false positives and false negatives occurring is low 
for 90
o
 and parallel parking. This is due to the fact that the laser range sensor detects 
closed and unoccupied spots with high accuracy for these parking scenarios.  
Table 7 also shows that false positive and false negative probabilities increase for 
the other scenarios (45 and 60 parking angles). For instance, evaluating the probabilities 
of experiments run at 10 mph for 60
o 
parking, we notice that the probability of false 
positives increases to 54.54 %. Referring back to the experimental setup, this high 
number is due to a black vehicle poorly detected: for 20 runs of a 60
o
 parking lot with 1 
empty spot (ground truth), a black vehicle is always “missed”, causing the algorithm to 
assume it is an open spot. This leads to a false positive error almost half the time (≈ 
50%).   
Moreover, it is seen in Table 7 that some calculated probabilities are negative (in 
bold). This is noticeable for the experiment evaluating 45
o
 parking at 10 mph, where the 
probability of false positive is -21.95%. This negative probability signifies that the 
counted number of open spots by the sensor and algorithm is less than the ground truth 
data for the total number of open spots. Similarly, for the experiment evaluating 60
o
 
parking at 5 mph, the probability of false negative is -25%. Again, this implies that the 
counted number of closed spots by the sensor is less than the ground truth data for the 
number of closed spots. These negative probabilities could be ignored (by taking the 
absolute values in Equation 8), as is done in literature, but should not since they imply 
that the sensor is underestimating the actual number of open and occupied spots. For 




customers to gain false confidence in a parking lot. That would encourage them to drive 
to that misrepresented parking lot in search for a parking spot there.   
 
5.1.5 Third Statistical Approach 
 
Finally, we could simulate how many runs around a parking lot are needed to 
correctly locate open and closed spots with a confidence level of 90 and 95%. In our 
study, we will assume that each run through a parking strip represents an event, which is 
independent from the next. This assumption is reasonable since the probability of one 
random event occurring does not affect another event.  
After calculating a general and conservative value for the accuracy, the following 
formulas can be used to estimate the confidence level after N many runs. 
Assuming the accuracy of the laser range sensor is 80 %: PCar = 0.8 and PNo Car = 0.2 
In one pass, probability of spotting a car ϵ1 = PCar = 0.8 = 1 − PNo Car 
In 2 passes, ϵ2 = 1 − (PNo Car
2) = 0.96 
In 10 passes, ϵ10 = 1 − (PNo Car
10) = 0.999999 
Therefore for N runs: 
ϵN = 1 − (PNo Car
N)  so   N =
ln (1 − ϵN)
ln (PNo Car)
 
Equation 9: Confidence calculation 
 




The results of the final statistical approach are shown in Table 8 below. 
 









5.1.6 Discussion of Third Statistical Approach 
 
As explained previously, the sensor accuracy can be generated for detecting open 
or closed spots. Hence two different confidence level tables can be created, based on 
which probability value is used.  As an ideal case, we can consider the accuracy of 
experiments for 90
o
 and parallel parking; but for a worst case scenario, we may look into 
the accuracy of experiments for 60
o
 parking where a black car (out of 5 total cars) was 
never scanned.  
 
 
  Accuracy 
 
 
90 % 80 % 70 % 60 % 50 % 40 % 30 % 20 % 10 % 
# of 
Runs 
1 90.0 80.000 70.000 60.000 50.000 40.000 30.000 20.000 10.000 
2 99.0 96.000 91.000 84.000 75.000 64.000 51.000 36.000 19.000 
3 99.90 99.200 97.300 93.600 87.500 78.400 65.700 48.800 27.100 
4 99.990 99.840 99.190 97.440 93.750 87.040 75.990 59.040 34.390 
5 99.999 99.968 99.757 98.976 96.875 92.224 83.193 67.232 40.951 
6 99.999 99.994 99.927 99.590 98.438 95.334 88.235 73.786 46.856 
7 100.0 99.998 99.978 99.836 99.219 97.201 91.765 79.029 52.170 
8 100.0 99.999 99.993 99.935 99.609 98.320 94.235 83.223 56.953 
9 100.0 99.999 99.998 99.974 99.805 98.992 95.965 86.578 61.258 




 90o and parallel parking scenario: 
Out of a total of 497 scanned open spots, 487 were actually proven to be 
unoccupied by ground truth data. This brings the accuracy to 97.988 %. Additionally, out 
of 726 scanned closed spots 738 were actually closed, generating an accuracy of 98.37 
%. Therefore using Equation 9, the following table can be generated: 





Open spots Closed Spots 
1 97.988 98.374 
2 99.960 99.974 
3 99.999 100.000 
4 100.000 100.000 
5 100.000 100.000 
  
 
The table above shows that about 2 runs are required to achieve 99 % confidence, 
while 3 runs would be needed to map a parking lot with 100 % confidence.  
 60o parking scenario: 
Out of a total of 84 scanned open spots, 40 were actually proven to be unoccupied 
by ground truth data. This brings the accuracy to 47.619 %. Additionally, out of 155 
scanned closed spots 199 were actually closed, generating an accuracy of 77.889 %. 










Open spots Closed Spots 
1 47.619 77.889 
2 72.562 95.111 
3 85.628 98.919 
4 92.472 99.761 
5 96.057 99.947 
6 97.934 99.988 
7 98.918 99.997 
8 99.433 99.999 
9 99.703 100.000 
10 99.844 100.000 
 
 
The table above shows that about 2 runs are required to achieve 95 % confidence 
for closed spots, while 5 runs would be needed to map a parking lot with 95 % 
confidence for open spots. If probe vehicles are fitted with the laser range sensor used for 
these experiments, this entails that 5 vehicles (worst case scenario) would have to drive 
through a 60
o 
parking lot to correctly map it with 95 % confidence.
  
 
5.2 Experiments under Inclement Weather 
 
In prior art, we have seen researchers explore the possibility of installing 
ultrasonic, infrared, video and magnetic sensors with different amount of success (Ono, 
Kagesawa, & Ikeuchi, 2002), (Park, Kim, Seo, Kim , & Lee, 2008), (Abdel-Hafez, Al 
Nabulsi, Jafari, Al Zaabi, Sleiman, & AbuHatab, 2011), (Thornton, Redmill, & Coifman, 




Yuan, 2014), (Gu, Zhang, Yu, & Liu, 2012), (Chinrungrueng, Sunantachaikul, & 
Triamlumlerd, 2007), (Tong, Cheng, Li, Wang, & Du, 2014). These authors have not 
however explored testing their sensors and algorithms under inclement weather such as 
rain. Some authors, such as Ono et al. and Tong et al. have even installed expensive laser 
sensors onto their probe vehicles, without studying their efficiency under heavy rain, and 
whether the data collected would be affected. Moreover, water damage to these systems 
would be far more expensive (some sensors cost upwards of $10,000) than any damage 
to a $90 easily replaceable sensor.  
After experimenting with the laser range sensor, it was determined that it could 
detect objects through clear and thin material. It was therefore decided to devise a cost 
effective and simple solution to waterproof the entire system: clear freezer bags were 
tightly tied around the mount, wires and laser sensor; and rubber bands were used to 
ensure a tight and waterproof fit (Figure 35.b). 
As can be noted in Figure 47.a, the simple waterproofing mechanism worked 
flawlessly. Moreover, the laser range sensor was not affected by heavy rain, and correctly 
mapped the strip of the parking lot: compared to ground truth data from the GoPro video 





Figure 47: (a) Results of testing under adverse weather conditions, and (b) ground truth data  
 
This step was undertaken to study the efficiency of the entire system under 
adverse weather conditions, specifically monitoring the behavior of the laser range sensor 
under heavy rain. For actual implementation in the automotive market, manufacturers 
would need to devise a more robust and aesthetic waterproofing solution. At this point 
however, it was proven that the laser range sensor detects parked vehicles through clear 
material, and is not affected by heavy rain. 
 
5.3 Experiments with Pivoting Laser Range Sensor 
 
Before trying to generate a 3D map of the parking lot, the sensor was pivoted 
about its horizontal line (Figure 45) to evaluate whether that has any effect on data 
collection. This information was then compared to “dry runs”, where the sensor is 
stationary and behaves as explained in Chapter 3.3.3. For the sake of comparison, the 




Figure 48 shows a sample run with the pivoting sensor. The experiment is shown 
in its entirety to prove that the pivoting still efficiently maps a parking lot, differentiating 
occupied from empty spots.  
 
Figure 48: Sample run with pivoting sensor 
 
What is notable about these specific experiments is a black parked at the 
beginning of the parking lot, shown in Figure 49 below. As mentioned previously, laser 
sensors might not detect some black surfaces; therefore it would be interesting to study 





Figure 49: Black car parked at the start of the parking lot 
 
 Since the black car is located at the beginning of the experiment, we can focus on 
the sensor readings between 0 and 8 seconds for the stationary and pivoting sensors. In 
Figure 50, the data for the black vehicle is circled in red: we notice that in Figure 50.a, 
multiple successive points are registered, whereas only a limited number of points are 
registered in Figure 50.b. When the detection algorithm is run for these experiments, the 
successive points in Figure 50.a are correctly estimated to be a closed spot; however the 





Figure 50: Scanning a black vehicle at 5 mph, (a) with the pivoting sensor and (b) with a stationary sensor 
 
This experiment is repeated for a probe car velocity of 10 mph. The initial sensor 
data points are shown in Figure 51. In this case, the black car is mapped perfectly while 
the sensor is pivoting (Figure 51.a); whereas some interruptions can be seen in the 





   
 
Figure 51: Scanning a black vehicle at 10 mph, (a) with the pivoting sensor and (b) with a stationary sensor 
 
Pivoting the laser range sensor ameliorates data collection, and provides more 
accurate information when the stationary sensor fails to detect vehicles. Although the 
algorithm detects the vehicle in question, what if data is affected by noise and therefore 




useful. By looking at the map of parking lot, an algorithm would be able to detect a 
parked vehicle that was missed by the laser range sensor.   
 
5.4 Generating a 2D Image 
 
 
Figure 52: Experimental result of scanning a vertical plate 
 
As explained previously, to generate a 3D map, one should ensure the success of 
obtaining a 2D image first. As seen in Figure 52, converting from polar to cartesian 
coordinates was effective, and a vertical plate was scanned successfully. However, to 
verify the sensitivity of the system, a more extensive experiment was conducted: it 
envolved cutting a hole through a vertical plate, and setting a second plate behind it. The 
pivoting sensor should detect this “hole” on the experimental cartesian plot. As seen in 
Figure 53.b, it does so successfully. Moreover, the accuracy of the laser range sensor can 




suggesting a high level of accuracy (Figure 53).
 
Figure 53: (a) Setup and (b) experimental result of scanning a vertical plate with a hole 
 
5.5 Generating a 3D Image 
 
Since pivoting the sensor yielded a favorable outcome, the next step would be to 
generate a 3D image by combining rotating sensor information with vehicle velocity or 
distance travelled.  
 
5.5.1 Results of 3D imaging by Frames  
 
This method was used to 3D map the car shown in Figure 54. The result is 
depicted in Figure 55, where the side of the Jeep can clearly be seen at around 500 mm 





Figure 54: Picture of 3D scanned vehicle 
 
 





These results are an ideal representation of the capabilities of the pivoting laser 
range sensor: since the probe vehicle was driven at low speeds, and stopped while 
generating each frame, it does not accurately represent how the sensor would perform if 
installed on an actual car. 
 
5.5.2 Results of 3D imaging by Points  
 
Figure 56 depicts the result of using the actual driven distance to 3D scan the 
vehicle shown in Figure 54. As can be observed in Figure 56, the vehicle seems to be 
tilted to the right. This is because each distance measured by the laser range sensor is 
allocated a unique distance driven. Hence as the probe vehicle is driven, no two sensor 
measurements will have the same driven distance index. 
This representation more closely resembles the real-world results obtained by 
pivoting the sensor: the shape and outline of the scanned vehicle is clearly visible, and 
video sensing systems would be greatly enhanced by including these 3D maps. Some 
adjustments need to be performed however, mainly fine-tuning the distance travelled by 






Figure 56: Laser range sensor 3D scanning vehicle by the “Points Method” 
 
These efforts were conducted to explore the limits of the installed laser range 
sensor and compare its performance to more expensive 2D LIDARs used in literature 






5.6 Enhancement of Parking Angle Detection 
 
 
One of the ongoing efforts is to have the algorithm differentiate between parking 
configurations, and possibly inform the user about which parking angle is observable. In 
Figure 57 for example, a pattern is clearly seen where the right rear edges of parked 
vehicles are very well mapped.  
 
Figure 57: Possible parking angle detection 
 
So far, the algorithm can successfully differentiate between parallel and 90
o
 
parking. The issue with distinguishing between 45, 60, and 90 degree parking layouts is 
the assumption that all drivers abide by the white limiting lines when parking. However, 
since this is not the case, 45
o
 parking might look very similar to 60
o




providing inaccurate data for the algorithm. This leads to erroneous results, and poor 
parking angle detection.  
 
5.7 Summary and Recommendations  
 
Experiments were performed to evaluate the accuracy and adaptability of the laser 
range sensor system. The probe vehicle fitted with the laser range sensor was driven at 
different speeds around several parking lots, with 45, 60, 90, and 0 degree (parallel) 




 parking lots were most 
accurately mapped, with an average accuracy of about 95%. These high efficiencies 
meant that a parking lot could be mapped with 99% confidence after only 2 runs. 
 Subsequently, different methods were assessed to explore the enhancement of 
parking detection. The system was waterproofed in an efficient and affordable manner 
(freezer bags), and tested under inclement weather. It was found that the sensor detects 
parked vehicles with high accuracy, unaffected by the weather. The sensor was 
additionally pivoted about its horizontal axis, enhancing the detection of black vehicles 
which were initially undetected by a stationary sensor. Finally, 2D and 3D images were 
generated using that laser range sensor, proving that the technology could be used for 
several different applications, and could compete with more expensive 2D LIDAR 
systems explored in literature. 
Because of the positive results achieved from these experiments, car 




parking spot detection, and possibly replace outdated ultrasonic technology currently 







APPLICABILITY TO PRODUCTION VEHICLES AND SUMMARY 
 
6.1 Cost of Installation 
 
Based on the recommendations from Chapter 5.7, the applicability of the system 
to current production vehicles was evaluated based on cost, installation requirements, and 
its use in parking applications.  
Table 11 shows the total cost of the laser detection system. If the laptop used is 
disregarded, the total cost would amount to $144.89. For a complete system with a motor 
installed, car charger, and a Bluetooth shield to send data to a server (explored in Chapter 
6.2.1), the system would cost $185.45. As mentioned in Chapter 2.1.1, this cost would be 
minimal compared to fitting each parking spot with ultrasonic sensors (around $838 per 
spot).  
Table 11: Total cost the suction cup and window mount systems 
  Suction Cup Mount + motor + 
Bluetooth Shield 
Item Quantity Unit price Unit price 
    
Mount 1 26.99 27 
Car charger 1 0 4.99 
Arduino USB 1 3.95 3.95 
Arduino Uno 1 24.95 24.95 
Lidar Lite 1 89 89 
Stepper motor 1 0 15.56 
Bluetooth Shield 1 0 19.99 





6.2 Applicability to Commercial Vehicles and Enhancements Produced  
 
After determining the high accuracy of the laser range sensor and detection 
algorithm in detecting parked vehicles and unoccupied spots, the applicability of the 
system to commercial cars needs to be evaluated. Moreover, the enhancements generated 
by installing such a system will be listed and explained. 
 
6.2.1 Installation on Commercial Vehicles 
 
To eliminate the use of a laptop for data collection, a method for sending laser 
range sensor data via Bluetooth was evaluated: data was successfully sent from the 
Arduino microcontroller to an Android device using a Bluetooth shield (Figure 58). The 
shield enables Bluetooth sending and receiving applications on the microcontroller with 
the help of simple Bluetooth coding libraries. 
 





Figure 59 below shows an overview of the system operation. After powering the 
microcontroller with a USB cord connected to the car’s lighter socket, the 
“ParkingSpotter” app searches for the Bluetooth shield address, and recognizes the 
microcontroller setup.  Laser range sensor data can then be logged, and wirelessly sent to 
a server or an email, or saved to a temporary storage. 
 
Figure 59: Diagram of Bluetooth integration 
 
A 3D representation of the Bluetooth system using SolidWorks is shown in 
Figure 60. The final product is also displayed in Figure 61. 
 






Figure 61: Final system mounted on a car window 
 
The process above demonstrated that this sensor could eventually be implemented 
into production vehicles, thus eliminating the use of more traditional ultrasonic sensors. 
The Arduino and Bluetooth shield can also be excluded by directly sending sensor 
information to the vehicle’s control box or tablet. Since today’s cars are fitted with 
ultrasonic sensors for parking assistance, replacing these sensors with much more 
accurate laser range sensors should be feasible. For example, the ultrasonic sensors used 
in (Fleming, 2008) have a low range of 2-4 m, with a frequency limited to 50 Hz. 
However, the laser range sensor used in this thesis can reach frequencies of up to 90 Hz 
(the newer version reaching 200 Hz) with a range of 35-40 m. Replacing the outdated 
ultrasonic sensors in production vehicles would therefore enhance parking spot detection, 




As explained in Chapter 5.2, a simple method for waterproofing was used by 
wrapping the sensor setup with clear freezer bags. This solution was very effective; but 
for actual implementation in the automotive market, manufacturers would need to design 
a more aesthetic and robust waterproofing solution.  
 
6.2.2 Enhancement of Parking Spot Detection 
 
To enhance customers’ parking experience, car manufacturers would implement 
the affordable range sensor to detect parking spot availability. Next, that information 
could be relayed to dedicated servers. Since today’s car manufacturers are installing 
modems into their vehicles, that internet connection could be used to transmit sensor 
information to servers devoted for parking data analysis.  
Table 9 shows that about 2 runs are required to achieve 95 % confidence for 
closed spots, while 5 runs would be needed to map a parking lot with 95 % confidence 
for open spots. If probe vehicles are fitted with the laser range sensor used for these 
experiments, this entails that 5 vehicles (worst case scenario) would have to drive 
through a 60
o 
parking lot to correctly map it with 95 % confidence.  
Considering a parking lot with significant activity, car manufacturers could 
combine information retrieved from each vehicle (driving past a parking lane) with GPS 
data as done in (Mathur, et al., 2010) and (Thornton, Redmill, & Coifman, 2014) to 
automatically update a parking lot map with available and occupied parking spot. 




can be embedded into the application to help with the final leg of the journey: securing a 
parking spot. By examining sensor data, the application can rate different parking lots 
based on open parking space detected, distance from final destination, and cost of 
parking. The user might then have to compromise and choose which feature he prefers: a 
guaranteed parking spot, close proximity to destination, or low cost.  
 
6.3 Reflectivity Issues 
 
It should be noted that the experiments are conducted with an infrared laser beam, 
for which darker objects may be tougher to detect (Kikuta, Iwata, & Nagata, 1986). For 
the tests performed with the probe car, we have noticed that most black cars are 
successfully detected by the laser sensor and algorithm. However in some instances, a 
specific car might be coated in a color that is not efficiently detected by the sensor. 
Taking the case shown in Figure 62.a for instance, we notice that a set of 3 cars are 
parked in a 60
o
 parking lot, with car 1 having a white coat color while cars 2 and 3 both 
have a black coat color. Figure 62.b shows the sensor readings obtained after the run is 
completed. It was observed that for car 2, the sensor only returned a limited number of 
points, whereas it registered a complete set of points for cars 1 and 3. After running the 
data through the detection algorithm, cars 1 and 3 were successfully identified as closed 
spots, whereas car 2 was mislabeled as an open spot. It should be noted that even though 
car 3 also had a black coat of paint, it was successfully detected by the sensor and 
algorithm. This leads us to believe that a certain matte color of dark car paint negatively 






Figure 62: Example of black car that is not accurately detected by the sensor: (a) Ground truth from video and 
(b) sensor readings 
This is an isolated example which seldom occurred in the tests completed; 
however a solution has been devised where cars with this color are better detected: as 
seen in a Chapter 5.3, pivoting the sensor about its horizontal axis improved readings and 
enhanced closed parking spot detection. 
 
6.4 Point vs Plane Mapping 
 
As noted in Chapter 5.3, pivoting the sensor about its horizontal axis enhances the 
detection of black vehicles. These vehicles might not be more efficiently (or hardly) 
detected with a stationary sensor (point detection). Moreover, Chapters 5.4 and 5.5 
explored the effect of pivoting the laser range sensor to generate 2D and 3D images of 
the probe vehicle’s surroundings. As Figure 53 and Figure 55 prove, these experiments 
were successful and produced accurate 2D and 3D images. Compared to the results from 




images (with shorter range), but using substantially less expensive equipment: $10,000 
for Thornton et al.’s set up compared to $185.45 for this thesis’s entire setup and 
mounting system. 
 
6.5 Environmental Issues, Limits, and Properties to Consider 
 
In these sets of experiments, a flaw of the stationary sensor was noted: as seen in 
Figure 63.a, if special care is not given to correctly mount the sensor and ensure the laser 
beam passes over parked cars, it might overshoot the vehicles and not detect them. Figure 
63.b shows how some vehicles are not detected compared to Figure 40. This is where 
pivoting the laser range sensor is essential: even if it is initially poorly angled, the fact 
that it will eventually rotate means that it will successfully detect parked vehicles. 
 
 





Moreover, during the initial tests, a motorcycle was parked in at the start of the 
parking strip (Figure 64.a). As seen in Figure 64.b, the sensor successfully detects the 
motorcycle. However, compared to the following cars parked at a 90
o
 angle, the 
motorcycle appears to be a parallel parked car on the sensor log. This suggests that the 
algorithm might not count it a as vehicle, and actually infer that it is an open space. This 
issue was fixed by modifying the range of acceptable car width in the final algorithm. 
Some of these special cases need to be considered before installing the laser range 
sensors in production vehicles. With testing under different conditions, a more robust 
system can be implemented.  
 
Figure 64: (a) Motorcycle parked, and (b) picked up by sensor 
 
Finally, although the system was tested during heavy rainfall, some more severe 
weather conditions still need to be considered such as snow and fog. For instance, the 




needs to be tested under such extreme conditions, to ensure the robustness of the system 
but also the validity of the data.   
 
6.6 Conclusions  
 
This thesis explored available sensor technologies used for parking spot detection 
such as ultrasonic sensors, vision sensors, Anisotropic Magnetoresistive sensors, and 
Wireless Sensor Networks.  It was shown form literature that each of these sensors 
exhibited some drawbacks, rendering their installation on probe vehicles for parking spot 
detection inefficient.  
Because of that, laser technology was investigated. Again, available 
implementations were looked into, showing promising results for the amelioration of 
parking spot detection. Alas, some disadvantages such as extremely high cost ($10,000 to 
$60,000 for some systems) and difficult implementation were emphasized.  
A solution to those problems would be to use an affordable laser range sensor 
which would be easily installable onto probe vehicles. An off-the-shelf “LIDAR-Lite” 
$90 sensor by “PulsedLight” was therefore utilized. Experiments were performed to 
evaluate the accuracy and adaptability of that laser range sensor. A probe vehicle was 
fitted with the laser range sensor system, and was driven at different speeds around 
several parking lots, with 45, 60, 90, and 0 degree (parallel) parking angles. Statistical 




 Subsequently, different methods were assessed to explore the enhancement of 
parking detection using a “LIDAR-Lite” sensor. The system was waterproofed in an 
efficient and affordable manner, and it was found that the sensor detects parked vehicles 
with high accuracy, unaffected by inclement weather conditions such as heavy rain. The 
sensor was additionally pivoted about its horizontal axis, enhancing the detection of 
black vehicles which were unnoticed by a stationary sensor. Finally, 2D and 3D images 
were generated using that laser range sensor, proving that the technology could be used 
for several different applications such as parking lot mapping, enhancing GPS data, and 







TABLES OF EXPERIMENTAL RESULTS 
 
After running the experiments, the detection algorithms were used to obtain the number 
of open and closed spots for different parking lots, at different speeds. Table 12 through 
Table 20 show the results of these experiments.  
Table 12: Tests performed for parallel parking, at 5 mph 







Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 3 10 3 10 
2 3 9 3 9 
3 4 8 3 9 
4 3 10 3 10 
5 3 10 3 10 
6 3 10 3 10 
7 3 9 3 9 
8 3 10 3 10 
9 3 9 3 9 
10 4 9 3 9 
11 4 9 3 9 
12 4 9 3 9 
13 3 10 3 9 
14 3 10 3 10 
15 3 10 3 10 
     
Summary 49 142 45 142 
 
 
Table 13: Tests performed for parallel parking, at 10 mph 
0 Degrees - 10 mph 
Run 
Number 
Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 3 8 3 8 




3 3 8 3 8 
4 3 8 3 8 
5 3 9 3 9 
6 3 8 3 8 
7 1 6 3 9 
8 3 10 3 9 
9 6 9 3 10 
10 3 10 3 10 
11 3 9 3 9 
12 3 8 3 8 
13 3 10 3 9 
14 3 9 3 9 
15 3 9 3 9 
     
Summary 46 130 45 132 
 
Table 14: Tests performed for 45o parking, at 5 mph 
45 Degrees - 5 mph 
Run 
Number 
Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 6 4 5 4 
2 6 3 5 4 
3 6 4 5 5 
4 4 6 3 7 
5 4 6 3 7 
6 2 5 1 6 
7 2 5 1 6 
8 2 5 1 5 
9 4 6 3 7 
10 4 6 3 7 
11 1 6 2 8 
12 2 8 1 9 
13 3 7 2 8 
14 2 7 1 8 
15 3 7 2 7 
16 2 7 1 5 
17 2 7 1 5 
18 3 7 1 5 
19 2 7 1 5 
20 3 7 1 5 
     





Table 15: Tests performed for 45o parking, at 10 mph 
45 Degrees - 10 mph 
Run Number Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 3 8 3 8 
2 1 8 2 8 
3 2 9 2 9 
4 2 8 2 8 
5 2 8 2 8 
6 2 8 2 8 
7 2 7 2 8 
8 1 9 2 9 
9 1 8 2 8 
10 1 8 2 8 
11 3 5 2 6 
12 1 7 2 8 
13 2 6 2 7 
14 1 8 2 8 
15 1 8 2 8 
16 1 7 2 7 
17 2 8 2 8 
18 2 8 2 8 
19 1 7 2 8 
20 1 7 2 8 
     
Summary 32 152 41 158 
 
 
Table 16: Tests performed for 60o parking, at 5 mph 
60 Degrees - 5 mph 
Run 
Number 
Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 2 4 1 5 
2 2 4 1 5 
3 2 4 1 5 
4 2 4 1 5 
5 2 4 1 5 
6 2 4 1 5 
7 2 4 1 5 
8 2 4 1 5 
9 2 4 1 5 
10 2 4 1 5 




12 2 4 1 5 
13 2 4 1 5 
14 2 4 1 5 
15 2 4 1 5 
16 2 4 1 5 
17 2 4 1 5 
18 2 4 1 5 
19 2 4 1 5 
20 2 4 1 5 
     
Summary 40 80 20 100 
 
 
Table 17: Tests performed for 60o parking, at 10 mph 
60 Degrees - 10 mph 
Run Number Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed Spots 
1 2 4 1 5 
2 2 4 1 5 
3 3 3 1 5 
4 2 3 1 5 
5 2 4 1 5 
6 3 3 1 5 
7 2 4 1 5 
8 3 4 1 5 
9 2 4 1 5 
10 2 4 1 5 
11 2 4 1 5 
12 2 4 1 5 
13 3 3 1 5 
14 2 4 1 5 
15 2 4 1 5 
16 2 4 1 5 
17 2 4 1 5 
18 2 4 1 5 
19 2 4 1 5 
20 2 3 1 4 
     






Table 18: Tests performed for 90o parking, at 5 mph 
90 Degrees - 5 mph 
Run Number Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 9 12 9 12 
2 9 12 9 12 
3 9 12 9 12 
4 9 11 9 12 
5 9 12 9 12 
6 9 12 9 12 
7 9 12 9 12 
8 9 12 9 12 
9 9 12 9 12 
10 9 12 9 12 
11 9 12 9 12 
12 9 12 9 12 
13 9 11 9 12 
     
Summary 117 154 117 156 
 
 
Table 19: Tests performed for 90o parking, at 10 mph 
90 Degrees - 10 mph 
Run Number Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 10 11 10 11 
2 10 11 10 11 
3 10 11 10 11 
4 10 11 10 11 
5 10 10 10 11 
6 10 11 10 11 
7 10 11 10 11 
8 10 11 10 11 
9 10 10 10 11 
10 10 11 10 11 
11 10 11 10 11 
12 10 11 10 11 
13 10 10 10 11 
14 10 11 10 11 
15 12 9 10 11 




Summary 152 160 150 165 
 
 
Table 20: Tests performed for 90o parking, at 15 mph 
90 Degrees - 15 mph 
Run 
Number 
Open Spots Closed Spots Ground Truth Open 
Spots 
Ground Truth Closed 
Spots 
1 10 11 10 11 
2 10 11 10 11 
3 10 11 10 11 
4 10 11 10 11 
5 10 11 10 11 
6 10 11 10 11 
7 10 11 10 11 
8 10 11 10 11 
9 12 9 10 11 
10 10 11 10 11 
11 10 11 10 11 
12 10 11 10 11 
13 11 10 10 11 
     











SYSTEM SPEC LIST 
 
 
Table 21 System spec List 
Item  Details 
Sensor 
LIDAR-Lite Laser Range Sensor (PulsedLight) - 40 m measuring 
range - < 0.02 sec acquisition time 
Controller  Arduino Uno - R3 Microcontroller 
Laptop Lenovo ThinkPad T510 notebook  
Motor 
Servo - Generic High Torque (Standard Size) - 6 volts - 83.47 oz-in. of 
maximum torque at 0.16 sec/60° 
USB 
Connection 
USB Cable - Standard A-B - 3 ft/1m 
Mount Panavise 809 Camera Window Suction-Cup Mount 
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